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ABSTRACT 
 
ASSOCIATIONS BETWEEN PAID SICK LEAVE AVAILABILITY AND HEALTH 
OUTCOMES IN THE 2014 HEALTH AND RETIREMENT STUDY 
 
By 
 
MICHELLE PING-LEE D’AMICO 
 
APRIL 16, 2019 
 
 
  
 
INTRODUCTION:  Research studies on the general working population (aged 18-64) have 
found associations between access to paid sick leave (PSL) and increased uptake of preventive 
health screenings, but few such studies have been done on the fastest growing segment of 
American workers: those aged 55 and older, and rarely treating paid sick leave as anything but a 
“yes/no” exposure. 
 
AIM: The aims of this work are to determine the associations between access to PSL and 
preventive health behaviors (blood cholesterol test, flu shot, seeing the dentist) and depression 
among a nationally representative sample of workers over the age of 51. 
 
METHODS: Using cross-sectional data from the 2014 Health and Retirement Study, we 
examined associations between PSL and respective outcomes while exploring and comparing 
techniques to adjust for confounding. PSL was considered as either dichotomous (yes/no) or 
trichotomous (zero days, 1-9 days, 10+ days) exposure. Two confounder pools were identified, 
on the basis of previous literature and bivariate associations within this study: covariates that 
may predict PSL availability, and covariates that may confound the relationship between PSL 
availability and a given study outcome (e.g. social support as a covariate that would confound 
the association between PSL availability and depression). Propensity score models were 
developed and different adjustments explored in multivariable logistic regression models. For 
each study outcome, a range of models to address confounding were run, including 1) traditional 
multivariable logistic models adjusting for both covariates that predict PSL availability and 
covariates specific to the paid sick leave and specific study outcome, and 2) multivariable 
logistic models adjusting for only the propensity score as a continuous covariate and additional 
select covariates likely to confound the paid sick leave and specific study outcome. 
 
RESULTS:  After adjusting for confounders via models that used traditional multivariable 
logistic regression and multivariable logistic regression incorporating the propensity score as a 
continuous covariate and health insurance as an additional covariate, the association between 
PSL availability (1+ days versus zero days) and receiving a cholesterol test was characterized by 
estimated odds ratios (OR) of 1.39 (95% CI: 0.99, 2.94) and 1.37 (95% CI: 0.98, 1.92), 
respectively.  After adjusting for confounders via traditional multivariable logistic regression and 
multivariable logistic regression adjusting for the propensity score and dental insurance, 
 participants with 1+ days PSL had 1.3 times the odds of reporting a dental visit (95% CI: 0.95, 
1.79), and 1.22 times the odds of reporting a dental visit (0.90, 1.65), respectively, compared to 
those who had zero days. Although not statistically significant, trends in the measures of 
association between PSL as a trichotomous exposure and cholesterol testing and dental visits 
indicated that participants with higher levels of PSL had higher odds of the outcome than 
individuals in the next lower category of paid sick leave availability (e.g. using traditional 
multivariable logistic regression, participants who had 1-9 days PSL had 1.2 times the odds of 
reporting a cholesterol test compared to those who had zero (95% CI: 0.81, 1.78); by that same 
model, participants who had 10+ days PSL had 1.6 times the odds of reporting a cholesterol test 
compared to those who had zero (95% CI: 1.08, 2.36)). Similarly, examination of the 
relationship between PSL and depression indicated an inverse relationship, though this also was 
not statistically significant. No associations were found between paid sick leave availability and 
receiving a flu shot. 
 
DISCUSSION: This study provides preliminary evidence that paid sick leave access might be 
associated with increased cholesterol tests and dental visits among older workers. These findings 
may have implications for employment policy as well as public health practice. However, more 
research is needed to examine how access to paid sick leave affects these health outcomes over 
time before stronger causal statements can be made. 
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1. Introduction 
 
1.1 Background 
Globally, increases in life expectancy and reductions in birthrate have led to a 
demographic shift, with older adults constituting a larger proportion of the population than ever 
before (World Health Organization, 2011). In the United States, the proportion of workers aged 
55 and older is projected to increase three times faster than the rate for the workforce overall, and 
will comprise 25 percent of the labor force by 2024 (Toossi, 2015).  
Multiple factors may be influencing the rise in the older working population (Kanfer, 
Beier, & Ackerman, 2013). Some workers may just want to work longer, if they are in fact living 
healthier, longer lives, and feel engaged and want to continue to contribute to their respective 
fields of employment (Kanfer et al., 2013). Others, however, may feel themselves at the mercy of 
a changing economy and thus remain in the workforce out of financial necessity. In the past, 
most employment was full-time, and offered retirement benefits that long-tenured employees 
could count on to sustain them once they actually left the workforce. Recent decades, however, 
have seen a shift away from defined retirement benefits and pensions (Poterba, Venti, & Wise, 
2008),  meaning that workers increasingly need to self-fund their retirements (Cahill, Giandrea, 
& Quinn, 2015), coupled with a rise in “nonstandard” work arrangements (i.e. temporary, 
contract-based, or gig-based employment, as opposed to full-time employment) that offer much 
flexibility but few retirement or health benefits (Howard, 2017).  
At the same time, older Americans as a whole tend to be more prone to having multiple 
chronic health conditions that require management (Çağlayan & Etiler, 2015; Federal 
Interagency Forum on Aging-Related Statistics, 2016). Older Americans comprise a 
 disproportionately high share of healthcare expenditures; costs related to Medicare, which 
provides health insurance benefits to Americans over the age of 65 and those who are 
permanently disabled, accounted for $747 billion in 2018 and are projected to rise further over 
the next decade given the aging population (Sisko et al., 2019). 
While there is substantial heterogeneity in how well individuals age, from the perspective 
of both physical (Levine & Crimmins, 2018) and healthcare costs (Lubitz, Cai, Kramarow, & 
Lentzner, 2003), the need remains to identify ways to prioritize public health prevention and 
optimize health for older Americans. Certain clinical preventive services, such as a blood 
cholesterol test or flu vaccination, have been recommended by the U.S. Preventive Services Task 
Force (USPSTF) as being beneficial for the health of older adults and cost-effective, but many of 
these services are underutilized (Centers for Disease Control and Prevention, 2011). Similarly, 
38% of U.S. adults aged 65 and older have not had a visit to the dentist in the preceding year 
(Federal Interagency Forum on Aging-Related Statistics, 2016), despite oral health being linked 
to improved nutrition (Razak et al., 2014), fewer inappropriate visits to the emergency room 
(Cohen et al., 2011), and reduced risk of chronic disease (Kelly, Avila-Ortiz, Allareddy, Johnson, 
& Elangovan, 2013; Rostami, Sharifi, Kalantari, & Ghandi, 2016). 
One policy opportunity for facilitating increased healthcare and dental-care seeking, and 
perhaps even better mental health, is paid sick leave, which provides workers with paid time off 
to take care of their own health or their family’s health and healthcare needs. Having zero access 
to paid sick leave has been linked to a number of health-related vulnerabilities, including reduced 
odds of preventive healthcare seeking (L. A. DeRigne, Stoddard-Dare, Collins, & Quinn, 2017; 
Peipins, Soman, Berkowitz, & White, 2012), increased rates of foodborne illness (Hsuan, Ryan-
Ibarra, DeBurgh, & Jacobson, 2017), postponement of medical care for themselves or their 
 family members (L. DeRigne, Stoddard-Dare, & Quinn, 2016), increased emergency room visits 
(Bhuyan et al., 2016), poorer mental health outcomes among working adults (L. DeRigne, 
Stoddard-Dare, Quinn, & Collins, 2018), increased risk of work-related injury (Asfaw, Pana-
Cryan, & Rosa, 2012), and increased mortality risk (D. Kim, 2017). 
The United States is one of the few developed countries that lacks universal paid sick 
leave regulations at the federal level (Nandi et al., 2018), though there has been a growing body 
of legislation implemented at the state and local levels (Brainerd, 2018; Susser & Ziebarth, 
2016).  For those Americans who do not live in a municipality or state that has implemented 
regulations around paid sick leave, availability or lack thereof is wholly dependent on the 
employer. In 2018, 74% of civilian workers had at least some access to paid sick leave (U.S. 
Bureau of Labor Statistics, 2018), meaning that 54 million workers had access to none. Access 
furthermore ranges considerably by income level, from as low as 31% (among the lowest 10 
percent of wage-earners) to as high as 93% (among the highest 10 percent of wage-earners) 
(BLS, 2018, Table 32). The Family and Medical Leave Act of 1993 (FMLA) does mandate 
provision of time to workers to take care of their health or their family’s health needs, but 1) that 
time is uncompensated, and 2) only employees of organizations above a certain size (50 
employees) are eligible (Stoddard-Dare, DeRigne, Mallett, & Quinn, 2018). FMLA as currently 
implemented may well be inadequate to meet the current health needs of aging American 
workers. 
These shifting demographic and economic contexts highlight the need for more research 
into how paid sick leave availability may be associated with the health of older adults, either 
through usage of health-promoting dental or medical services, or with overall socioemotional 
health. 
  
1.2 Gaps and purpose of study 
Previous research into links between paid sick leave and health-related outcomes in the 
United States have been largely focused on working adults in general (Cook, 2011; L. A. 
DeRigne et al., 2017; L. DeRigne et al., 2016; Hammig & Bouza, 2019; D. Kim, 2017; N. Kim 
& Mountain, 2018; Peipins et al., 2012; Stoddard-Dare, DeRigne, Collins, Quinn, & Fuller, 
2018; Wilson, Wang, & Stimpson, 2014); few have focused specifically on the fastest growing 
demographic of the workforce, “older” workers, in a way that is inclusive of workers who are not 
only in midlife, but also working into late life or otherwise until the brink of retirement. Further, 
while most research to date in in this area has used paid sick leave as a dichotomous exposure, 
one recent study centered on workers aged 49-57 has argued that paid sick leave availability is 
more meaningful as a non-binary exposure, positing that a cutoff of 10 or more days may be the 
threshold at which health benefits are likely to be observed (L. DeRigne et al., 2018). More 
research is needed to understand how provision of paid sick leave impacts uptake of preventive 
health services, dental care, and socioemotional health among older employed Americans, who 
likely have very different stressors and life contexts than their younger colleagues, and how these 
effects may vary at different thresholds of paid sick leave availability. The findings of such work 
have implications for employers seeking to retain experienced workers and improve productivity, 
public health practitioners who work with older populations, and decision makers interested in 
policies that may impact health and healthcare spending. 
 
 Overarching research question: among older workers in the United States, is availability of 
paid sick leave associated with utilization of preventive health services, dental visits, and better 
socioemotional health? 
The aims of this study are to determine what associations exist between availability of 
paid sick leave and i) preventive health services (i.e. getting a cholesterol screening, or flu shot), 
ii) visiting the dentist, and iii) occurrence of depression, based on a 2012-2014 nationally 
representative survey of Americans aged 51 and older. Propensity score modeling with different 
adjustment approaches will be explored to compare estimates using two thresholds for paid sick 
leave availability: dichotomous (zero days, 1+ days) and trichotomous (zero days, 1-9 days, and 
10+ days).  
 
2. Review of Literature 
2.1 Substantive Review 
 
2.1.1 Preventive services (non-dental) usage in older Americans 
 
Financial concerns are a key barrier to receiving medical care, generally, among older 
Americans. Kurichi et al. (2017) evaluated barriers to healthcare (inclusive of, but not limited to 
USPSTF-endorsed preventive services) among Medicare beneficiaries surveyed between 2001-
2008 and found that those who cited “financial reasons” as a barrier to receiving healthcare had 
lower odds of actually receiving recommended medical care (OR: 0.79, 95% CI: 0.73-0.86), 
compared to those who did not cite financial reasons as a barrier. Related to issues of 
affordability, health insurance status has been associated with receiving recommended blood 
cholesterol tests and flu vaccinations (Benjamins, 2005; Chen, Diamant, Pourat, & Kagawa-
Singer, 2005; Y. Choi & Lee, 2017). To illustrate, in a cross-sectional study of elderly 
 Americans aged 65 and older (Chen et al., 2005), respondents whose only form of medical 
insurance was Medicare had reduced odds of flu vaccination (OR: 0.7, 95% CI: 0.5-0.9) 
compared to respondents who had private insurance in addition to Medicare. 
However, research focused on uptake of said preventive services (i.e. flu immunization, 
cholesterol test) by older Americans in the wake of the Affordable Care Act, which eliminated 
cost sharing for recommended preventive services in early 2011, has suggested limited changes 
to utilization: at least among individuals covered by Medicare. A study using 2008-2010 (pre-
ACA) as compared to 2012 Medical Expenditure Panel Survey (MEPS) data (post-ACA 
implementation) on Medicare beneficiaries found only statistically significant increases in 
cholesterol testing behavior, and none for flu shots (Jensen, Salloum, Hu, Ferdows, & Tarraf, 
2015). A similar pre-post study using MEPS data (2009 versus 2011-2012) also found a slight 
increase in cholesterol check behavior in Medicare beneficiaries aged 65+ (Prevalence Odds 
Ratio: 1.06, 95% Confidence Interval: 1.01-1.11) (Han, Robin Yabroff, Guy, Zheng, & Jemal, 
2015).  Outside of the Medicare beneficiary population, however, affordability may still be a key 
determinant of care utilization among older Americans more generally, as suggested by a 2014 
survey of adults aged 50 and older (mean age: 68.43) (Liew, 2018).  
Higher socioeconomic status is also associated with increased likelihood of having 
cholesterol tests or flu shots among older adults. Higher household income and higher levels of 
education have been associated with increased cholesterol testing in multiple studies (Benjamins, 
2005; Y. Choi & Lee, 2017), as has being White, as opposed to Black and/or Hispanic(Chen et. 
al, 2005; Y. Choi & Lee, 2017). Being unmarried and having less than a high school education 
are also factors that are negatively associated with having a cholesterol test or flu shot (Lochner 
& Wynne, 2012). Older Americans who have chronic health conditions, such as hypertension or 
 cholesterol, may be more likely to get recommended flu shots (Lochner & Wynne, 2012) and 
cholesterol tests (Y. Choi & Lee, 2017). 
 
2.1.2 Dental health in older Americans 
 Older adults may be at increased risk of poor oral health (Institute of Medicine, 2011). 
An estimated 21% of all Americans over the age of 65 have no remaining natural teeth, with 
non-Hispanic Black Americans being disproportionately vulnerable (Federal Interagency Forum 
on Aging-Related Statistics, 2016).  Being in poverty is also associated with reduced subjective 
oral health and fewer number of teeth remaining (Huang & Park, 2015), and higher rates of gum 
disease (Borrell & Talih, 2012) in Americans over the age of 65. Americans aged 75 and older 
are less likely to have visited the dentist compared to those aged 55-64 (Manski, Goodman, Reid, 
& Macek, 2004). 
Financial hardship may be a particularly important barrier to obtaining needed oral health 
care for older Americans. Only 25% of Americans over the age of 65 have insurance that covers 
dental expenses, with women being less likely than men to have dental coverage (Federal 
Interagency Forum on Aging-Related Statistics, 2016). Medicare does not include dental 
coverage, meaning that many Americans who might otherwise have access to health insurance 
must pay dental costs out-of-pocket  (Griffin, Jones, Brunson, Griffin, & Bailey, 2012). One 
analysis found that adults aged 55 and older with access to dental coverage had 2.53 times the 
odds (95% CI: 2.08, 3.07) of having visited a dental visit in the previous year, compared to those 
who lacked dental coverage (Manski et al., 2004).  Chi & Tucker-Seeley (2013), in a study of 
Americans over the age of 50, found that the number of financial hardships such as needing food 
 stamps and reducing intake of prescribed drugs to save costs were positively associated with self-
reporting poor oral health among women.. 
 
2.1.3 Depression in older adults 
 
 Depression in older Americans has been linked to both biological and psychosocial risk 
factors, with levels of depression increasing with age after mid-life (Mirowsky & Ross, 1992). 
One model of late-life depression posits that age-related brain-changes, physiological changes in 
the body related to disease, genetic predisposition, and adverse psychosocial life circumstances 
can all mediate risk of depression (Alexopoulos, 2005). Adverse psychosocial life circumstances 
for older adults could include being of low socioeconomic status, having poor physical health or 
disability, bereavement of a loved one, or feeling socially isolated (Alexopoulos, 2005).   
Cross-Denny & Robinson (2017) assessed the association of various social and physical 
determinants of health with depression symptomology, using 2010 Health and Retirement survey 
data. The most significant predictors of depression symptomology in adults aged 51 and older 
were found to be “health & healthcare” (including self-rated health, instrumental activities of 
daily living, activities of daily living, and chronic health conditions, accounting for 13.3% of 
variability in depression symptomology), followed by “social and community context” 
(including social support, marital status, sex, and age, accounting for 5% of depression 
variability).  Income was found to have the least predictive power for depression, compared to 
the other indicators evaluated individually (Cross-Denny & Robinson, 2017).  
Employment-related factors may be protective of depression in older adults (Maimaris, 
Hogan, & Lock, 2010). Older adults who are unemployed may have higher levels of depression 
relative to their counterparts who are working full-time, based on cross-sectional research (Christ 
 et al., 2007; Mirowsky & Ross, 1992). A longitudinal nationally representative study of 7,899 
Americans reached similar results: working or volunteering was associated with a reduced risk of 
depression, though this finding was only statistically significant for women (N. G. Choi & 
Bohman, 2007).  Paid employment may yet be more protective than other types of productive 
involvement in society: Choi and colleagues (2013) conducted a cross-sectional analysis of 
adults aged 50 and up (mean age: 68.7 years) living in 11 European countries and found that 
participants still involved in paid work had the lowest levels of depression, compared to 
participants who were engaged in formal volunteering, informal helping, caregiving, or caring 
for grandchildren. Notably, however, the protective association between paid work and 
depression was no longer statistically significant after controlling for the influence of income 
(estimated odds ratio (OR): 0.71, 95% Confidence Interval: 0.41–1.26) (K.-S. Choi et al., 2013). 
 
2.1.4 Prevalence of Paid Sick Leave in US: disparities in access 
 
 The distribution of paid sick leave among workers in the United States has been 
examined in a number of studies, with notable disparities by socioeconomic status and job-
related characteristics. Demographic factors that have been associated with reduced access to 
paid sick leave include being low-income (L. DeRigne et al., 2016; Susser & Ziebarth, 2016), 
having less education (Asfaw et al., 2012; L. DeRigne et al., 2016), being unmarried, being male, 
and being Hispanic (L. DeRigne et al., 2016). Paid sick leave availability also varies by industry, 
occupation, geographic region (Asfaw et al., 2012), and full- time versus part-time positions 
(Asfaw, Rosa, & Pana-Cryan, 2017). Workers in a service-based occupation may be particularly 
likely to lack paid sick leave, with DeRigne et al. (2016) reporting that 64.6% lacked access 
based on 2013 NHIS data.  
 Susser et. al (2016), using the 2011 American Time Use Survey, also found evidence of 
large differences in paid sick leave availability by age group, with workers aged 65 and older 
having lower PSL availability rates (37%) than workers aged 25-65 (60%); and a stepwise 
relationship with regard to hourly wages, with 20% of those paid fewer than $10/hour having 
access to paid sick leave, compared to 56% of those paid $10-20/hour and 70% of those earning 
more than $20/hour. With the exception of Susser et al. (2016), however, few other studies have 
examined the distribution of PSL with regard to age distribution.  
 
2.1.5 Theoretical basis for PSL impacting health 
 
The theoretical mechanisms through which paid sick leave may impact preventive service 
usage, dental visits, and overall health are likely connected to concerns of money, time, and job 
security. Among workers surveyed by the Department of Labor in 2012 who would have had 
access to FMLA, two of the most commonly cited reasons for needing medical or family leave 
but not actually taking it were: inability to afford the unpaid time (49%), and fear of losing one’s 
job as a result of taking the leave (18.3%) (Jorgensen & Appelbaum, 2014). About 29% of 
respondents in the survey were between 40-54 years of age, and about 32% of respondents were 
aged 55 and above. Lending credence to the importance of paid sick leave to job security, one 
study applied propensity methods to longitudinal data from 2009-2010 MEPS to model causal 
relationships between availability of paid sick leave and probability of job separation (i.e. being 
laid off or quitting), concluding that having paid sick leave (compared to not having paid sick 
leave) was associated with a decrease in probability of being separated from one’s job in the next 
5 months. The effect estimates of the percent change in probability attributable to the presence of 
 paid sick leave ranged from -25% to -50% depending on the analytic technique used to address 
confounding (Hill, 2013). 
Further, Stoddard-Dare et al. (2018) specifically studied the association of paid sick leave 
with affordability-related measures of preventive healthcare and personal healthcare, including: 
inability to afford prescription drugs, inability to afford dental care, inability to afford eyeglasses, 
inability to afford seeing a specialist, inability to afford follow-up care, and nonadherence to 
prescribed medications (i.e. skipping doses) in an attempt to save costs. After adjusting for 
factors such as age, sex, race, marital status, education, labor force participation, health 
insurance, income, household size, and the presence of a limiting health condition, adults who 
lacked paid sick leave had elevated odds of reporting that they could not afford dental care in the 
past year (adjusted OR: 1.27, 95% CI: 1.10, 1.46), and elevated, though not statistically 
significant, odds of reporting that they could not afford mental health care or counseling 
(adjusted OR: 1.13, 95% CI: 0.82, 1.55). The mean age of participants in this analysis was 42.6 
years (Stoddard-Dare, DeRigne, Mallett, et al., 2018). 
 
2.1.6 Empirical Associations between Paid Sick Leave and Preventive Health Services, Dental 
Care, Mental Health: 
 Previous researchers have found availability of paid sick leave to be associated with 
increased attainment of preventive health services and dental care, though the existing body of 
research largely focuses on working adults generally, uses dichotomous categories for paid sick 
leave, and relies on multivariable modeling to account for confounding. A brief summary of 
studies included in this portion of the review is displayed in Table 2.1.6 
  Most frequently, the National Health Interview Survey (NHIS) has been used to examine 
associations between paid sick leave and health-related outcomes. DeRigne et al. (2017), in an 
analysis of 2015 NHIS data, found that those who had paid sick leave had 1.61 times the odds 
(95% CI: 1.47, 1.75) of an influenza vaccination and 1.24 times the odds of a cholesterol check 
(95% CI: 1.09, 1.40), compared to those who did not have paid sick leave, after controlling, via 
multiple regression, for age, sex, marital status, race/ethnicity, education, labor force 
participation status, insurance, health status, and the presence of a limiting health condition.  
Other preventive health behaviors found by DeRigne et. al (2017) to be positively associated 
with paid sick leave availability included diabetes screening, colon cancer screening, pap smears, 
and mammograms. Study participants ranged in age from 18-64 and had a mean age of 42.6 (L. 
A. DeRigne et al., 2017).  
Hammig & Bouza (2019) used 2013-2015 NHIS data to examine the associations 
between paid sick leave availability (yes/no) and cholesterol screening, visit to the dentist, blood 
glucose screening, blood pressure screening, and using any healthcare services among male 
working adults. After controlling for race/ethnicity, age, marital status, education, self-reported 
health, ability to afford seeing the dentist, and having multiple jobs, participants who had paid 
sick leave had higher odds of a cholesterol test and of seeing the dentist, compared to peers who 
did not have access to paid sick leave (adjusted OR: 2.3, 95% CI: 1.3, 2.2; and OR: 2.1, 95% CI: 
1.8, 2.5, respectively). Representation of older workers in this study was limited to the age range 
of 55-64 and comprised 20.3% of the study sample. 
NHIS data has also been used in at least five other analyses focusing on the associations 
between paid sick leave and health-related outcomes, though not specifically the outcomes 
included in the current thesis. Peipins et al. (2012) used 2008 NHIS data to examine associations 
 between paid sick leave availability (yes/no) and receiving select cancer screenings, including 
mammogram, pap test, endoscopy, and visit to a physician in the past year. After controlling for 
age, race/ethnicity, marital status, education, poverty, health insurance, and whether respondents 
had a usual source of medical care, paid sick leave was found to be a statistically significant 
predictor of receiving a mammogram, pap test, and endoscopy in the past year (Peipins et. al, 
2012). The reported age range in Peipins et. al (2012) was 18-85, but that was the extent to 
which the age distribution of the sample was described. Cook et al. (2011) used 2007 NHIS data 
to examine associations between paid sick leave availability and two outcomes: outpatient office 
visits to medical providers, and emergency room visits. After adjusting for gender, being older 
than 50, race/ethnicity, education, income, job type, health status, presence of a chronic 
condition, health insurance, and whether or not the respondent reported that they had a regular 
place they sought medical care, having paid sick leave was positively associated with usage of 
outpatient care and negatively associated with visiting the emergency room within the past year, 
relative to those who did not have access to paid sick leave (Cook, 2011). Kim (2017) conducted 
a multivariable survival analysis looking at the association between paid sick leave and mortality 
using 2000-2002 NHIS pooled data, finding that the presence of paid sick leave was associated 
with a 10% smaller hazard ratio of all-cause mortality after controlling for age at baseline, 
gender, education, income, and history of chronic health conditions. The age range of 
participants was 18-85 in Kim (2017)’s study, but the mean age of the weighted sample was 40.1 
years of age. Derigne (2016), using 2013 NHIS data, found that participants without paid sick 
leave were more likely to delay medical care for themselves and their family, compared to those 
who did have access to paid sick leave (mean age of participants: 42 years of age). 
 One of the more recent studies using NHIS data is the research most directly related to 
the paid sick leave and depression aspect of the current thesis.  Stoddard-Dare, DeRigne, Collins, 
Quinn, & Fuller (2018) used 2015 NHIS data to examine the relationship between availability of 
paid sick leave (yes/no) and psychological distress, defined by the authors as inclusive of 
depression and anxiety symptomology and as measured by the K6 scale, a 6-item scale that 
assesses nonspecific symptoms of psychological distress (Kessler et al., 2003). Controlling for 
gender, race/ethnicity, marital status, education, labor force participation, health insurance, 
household size, children in the family, family income, and income to poverty ratio, lacking paid 
sick leave was found to be associated with increased psychological distress (adjusted 𝛽 estimate 
from multiple regression= 0.23, 95% CI: .11 to .35); a statistically significant finding, but one 
that represents a relatively small effect, in context: having paid sick leave (versus not having it) 
is associated with a 0.23 increase in score on the K6 scale, which has a total score range from 0 
to 24. Among workers in this study who did experience at least some psychological distress, 
however, those who lacked paid sick leave had 1.45 times the odds of reporting that their 
feelings interfered “a lot” in their life or activities, compared to workers who experienced at least 
some psychological distress but who did have access to paid sick leave (95% CI: 1.10, 1.91). 
This work by Stoddard-Dare et. al (2018) is the sole study available, at time of writing, that has 
examined paid sick leave as a predictor of mental health outcomes.  The ages of participants 
included in Stoddard-Dare et al.’s 2018 study spanned 18-64, with a mean age of 41.2 years. 
 Other previous work examining the relationships between paid sick leave and health-
related outcomes have included use of the MEPS and National H1N1 Flu Survey (NHFS). 
Wilson, Wang, & Stimpson (2014) analyzed 2006-2010 MEPS data and found that working 
adults aged 18+ with “paid leave” (inclusive of vacation time, and paid sick leave) had 1.42 
 times the odds of having a flu vaccination within the past year (95% CI: 1.31-1.52)  compared to 
peers who did not have paid leave, controlling for gender, age, education, race/ethnicity, income, 
insurance, marital status, and self-reported health. Kim & Mountain (2018) used 2009-2010 NFS 
data in an instrumental variable Bayesian analysis to estimate the causal effect of paid sick leave 
availability (coded dichotomously as yes/no) on decision to obtain a flu vaccination and found 
that paid sick leave provision was associated with an increase in vaccination, with an effect that 
varied by worker income level. The ages of participants included in Kim & Mountain’s study 
spanned 18-64. 
The most recent study on paid sick leave availability and health-related outcomes not 
using NHIS data is also the study that perhaps best informs the current thesis. DeRigne et al. 
(2018), using data from the National Longitudinal Survey of Youth (NLSY), modeled 
associations between paid sick availability and receipt of flu shot, blood test for cholesterol, and 
other preventive services within the past two years and specifically used different thresholds of 
paid sick leave allocation (4 categories: 0-2 days, 3-5 days, 6-9 days, 10+ days).  After 
controlling for race/ethnicity, gender, health insurance, income, education, health status, marital 
status, family size, and labor force participation, participants who had at least 10 days of paid 
sick leave had 1.33 times the odds of receiving a flu shot (95% CI: 1.03, 1.59)  and 1.35 times 
the odds of receiving a blood cholesterol test (95% CI: 1.08, 1.66) compared, in both cases, to 
participants who had only 0-2 paid sick days. Participants who had between 6-9 days of paid sick 
leave also had increased odds of receiving a cholesterol test relative to those who only had 0-2 
days, after controlling for those covariates (adjusted OR: 1.63, 95% CI: 1.19, 2.22). The 2018 
work by DeRigne and colleagues is notable for its treatment of paid sick leave as a nonbinary 
exposure as well as the age range of participants (49-57), reflecting an emphasis otherwise not 
 present in previous research on an older working population, but still not generalizable to 
workers in their sixties or beyond. 
 
2.2 Methodological Review 
 
For this thesis, which will use observational, cross-sectional data, it is not possible to 
draw causal inferences about the relationships between the study exposure (paid sick leave 
availability) and respective study outcomes.  The only type of study design that permits 
identification of the true “causal effect” of an exposure on an outcome is the randomized 
controlled trial, in which exposures are randomly assigned to study groups, and then study 
participants are followed forward in time to observe the onset of outcomes.  The element of 
random assignment in randomized controlled trials allows treatment versus control, or “exposed” 
versus “unexposed” comparison groups, to, in theory, be balanced with respect to all potential 
confounders, both known and unknowable, measured and unmeasured (Stuart, 2010).  Any 
observed measure of association or effect between exposure and outcome should therefore be 
attributable to the exposure itself, rather than due to some influence of confounders external to 
the primary research question.  In this study, it would be neither feasible nor ethical to randomly 
assign study participants to a job that has or lacks paid sick leave (i.e. “exposed” or “unexposed” 
groups), but incorporating propensity scores in the outcomes modeling process can attempt to 
achieve some of the analytic advantages of random assignment through creating balanced groups 
with respect to observed confounders.  
To create a propensity score for a given individual, the observed values of measured 
covariates that might conceivably influence exposure status are used as inputs into a 
multivariable model to estimate the probability of being exposed (Yanovitzky, Zanutto, & 
 Hornik, 2005). The resulting propensity score for a given individual is a value from 0-1, with a 
higher value representing a greater propensity of membership in the “exposed” group; 
individuals with the same propensity score might be thought of having the same distribution of 
the relevant covariates with respect to probability of being exposed (Kurth et al., 2006). Logistic 
regression is traditionally used to predict binary treatment categories (i.e. exposed versus 
unexposed), though methods exist for predicting >2 exposure categories as well (Imbens, 2000; 
Lopez & Gutman, 2017).   
The predicted probabilities from the propensity model (i.e. propensity scores) can then be 
used in a variety of ways, including stratifying on the propensity score to create matched exposed 
and unexposed groups with balanced distributions of covariates or usage of the propensity score 
directly in multivariable models as a covariate. The propensity scores can also be transformed 
into weights, such as inverse probability of treatment (IPTW) or standardized mortality ratio 
weights (SMR) (Kurth et al., 2006; Stuart, 2010). By weighting each participant’s data by their 
IPTW or SMR, the resulting analyses can yield estimates of the average effect of the exposure 
for the entire study population or estimates of the average effect of the exposure among those 
who are exposed, respectively (Kurth et al., 2006). 
In some cases, propensity score methods may have benefits over traditional multiple 
linear or logistic regression-based approaches to address confounding (Li, 2012). Analytic 
approaches that rely on multiple linear or logistic regression alone to control for confounders 
require the covariate-outcome relationship to have the correct linear or logistic functional form 
(Li, 2012; Stuart, 2010; Yanovitzky et al., 2005).  Multiple linear or logistic regression also 
requires the sample size to be sufficiently large, with enough “outcomes” relative to the number 
of covariates that are controlled for (Heinze & Jüni, 2011; Yanovitzky et al., 2005). Violation of 
 either of these tenets results in biased estimates. Propensity score methods, on the other hand, are 
less prone to model misspecification from having the wrong functional form (Drake, 1993) and 
can use information from more potential covariates than traditional multivariable linear or 
logistic regression approaches to control confounding (Heinze & Jüni, 2011).  
Propensity methods are not a perfect analytic technique, given that they are subject to the 
limitation common to all observational research: it is assumed that all relevant confounders are 
measured and accounted for in the propensity model (Rosenbaum & Rubin, 1983; Yanovitzky et 
al., 2005) and also have additional assumptions that must be met. Nonetheless, they are an 
important tool in assessing the quality of estimated measures of association (Stuart, 2010) that 
has been underutilized to date. While two studies have used propensity methods to look at 
research questions tangentially related to the focus of this paper (Y. Choi & Lee, 2017; Hill, 
2013), none of the prior studies focusing on paid sick leave and health  (see Table 2.1.6) have 
explored the impacts of such propensity methods on estimated measures of association. More 
widespread incorporation of propensity methods into research on paid sick leave may enable 
comparisons of the resulting estimates from models that incorporate propensity scoring methods 
and traditional multiple linear and logistic regression methods, assuming that they include the 
same set of covariates, may assist investigators and in understanding how associations vary 
under different methods to control for such confounders. 
 
2.3 Summary of Literature Review 
The existing body of research studying paid sick leave’s impacts on health (Table 2.1.6) 
has shown positive relationships between availability of paid sick leave and preventive health 
services of interest to the current thesis. However, only one study each has studied the 
 association of paid sick leave with dental care or mental health; while in both cases paid sick 
leave availability was associated with better health (i.e. higher odds of visiting the dentist, lower 
odds of psychological distress), clearly more research is needed in these areas. The majority of 
previous studies looking directly at the potential associations between paid sick leave and health 
(preventive services, dental visits, or mental health) have used NHIS data; the resulting analyses 
are therefore notably constrained by the way in which paid sick leave availability is assessed: 
simply “yes” or “no.” 
From a methodological standpoint, these studies focused on paid sick leave and health-
related outcomes have all been cross-sectional and, with one exception (N. Kim & Mountain, 
2018), have relied on multiple logistic regression to control for confounders/covariates, i.e. by 
including relevant covariates in the model. None have included the use of  propensity score 
methods for comparing estimated measures of association. 
 In addition, extant research has been interested in the general working population, rather 
than focused on generalizing to older workers specifically, again with one exception that is still 
limited in age range (L. DeRigne et al., 2018).   Even research into specific pieces of the paid 
sick leave- health outcome relationship has been somewhat fractured in its focus, concentrating 
either on adult workers in general or the Medicare population aged 65 and up, and not on 
laborers or workers who might be older but not necessarily covered by Medicare.  
 
 
3. Methods and Procedures 
 
 3.1 Data 
Data for this study comes from the Health and Retirement Study (HRS), run by the 
University of Michigan since 1992 and administered every two years. Participants in the HRS 
are sampled using multistage area-clustered stratified sample design that oversamples Hispanics 
and Blacks. Sampling weights for all waves (i.e. rounds of surveys) after the first HRS 
administration adjust for participant age, gender, race/ethnicity, and levels of participant non-
response in a given wave, using the American Community Survey as a reference (Ofstedal, Weir, 
Kuang-Tsung, & Wagner, 2011).  
The analytic sample for this study comprises data from Wave 12 of the HRS and includes 
the use of sampling weights for Wave 12; for two study outcomes, however, data from Wave 11 
was incorporated if it was missing at Wave 12. Interviews were conducted with participants from 
April 2014 to April 2015 for Wave 12 and  May 2012 through May 2013 for Wave 11. The data 
used in this study was all publicly available and was downloaded from the HRS portal between 
January and February 2019. 
 
3.1.1 Inclusion/exclusion criteria: 
Participants included in this study were adults aged 51 or older who participated in Wave 
12 data collection. Participants who reported being self-employed, marginally employed, or not 
participating in the labor force were excluded. Forty three participants (.25% of all participants 
present at Wave 12) who reported that sick and vacation time were combined were also excluded 
from this study. These exclusions resulted in an initial eligible group of 3930 adults who had 
non-missing information on days of paid sick leave.  
  
3.2 Measures: 
 
3.2.1 Outcome variables: 
 
Preventive Health Services. Uptake of preventive health screenings or services (i.e. blood 
cholesterol test and flu vaccination) was assessed in participants via self-report. Participants were 
asked to respond “yes” or “no” to whether they had received a given service in the preceding 2 
years; after the first interview, participants were only asked these questions every other interview 
(i.e. approximately every 4 years), but still report on usage of preventive health screenings for 
the previous two years (Jenkins et al., 2008). Not all respondents interviewed in 2014, therefore, 
were asked these particular questions in 2014. In cases where 2014 data on preventive health 
services was missing because the respondent was asked in 2012, the responses from 2012 were 
carried forward and used in the analysis. 
 
Dental care. Recent occurrence of a dental visit was assessed in participants via self-report; 
participants were asked, in the preceding two years (if it was their first HRS interview) or since 
the preceding interview, “have you seen a dentist for dental care, including dentures?” 
Participants would then respond “yes” or “no.” 
 
Depression. Depression was assessed in all participants via an 8-item version of the Center for 
Epidemiologic Studies Depression Scale (CES-D) (Sawyer Radloff & Teri, 1986). This version 
of the CES-D involves a subset of questions from the original 21-item measure intended to 
assess depression symptomology in the general population (Kohout, Berkman, Evans, & 
 Cornoni-Huntley, 1993; Sawyer Radloff & Teri, 1986; Steffick, 2000). The CES-D 8 asked 
participants to respond to questions regarding their feelings in the past week (e.g. “Much of the 
time during the past week, you felt depressed. Would you say yes or no?”), with “Yes” being 
worth 1 point unless reverse scored. The total possible score for the CES-D ranges from 0-8, 
with higher scores indicate higher symptomology. For the purposes of this study, a threshold of 4 
symptoms (score of 4/8)  was used to dichotomize respondents’ depression symptomology, 
based on estimation equations by Steffick (2000) that approximate a cutpoint based on full CES-
D 20-item scale to identify currently depressed individuals, or “clinically significant depression” 
(National Institute on Aging, 2007). The CES-D 8 has previously been validated for use amongst 
community-dwelling older adults aged 50 and older (O’Halloran, Kenny, & King-Kallimanis, 
2014). 
 
3.2.2 Exposure variable: 
 
Paid sick leave. Paid sick leave availability was assessed via participant responses to “How 
many days of paid sick leave at full pay do you earn each year?” Participants were asked about 
paid sick leave availability upon entry into the HRS, and then upon job switch or company 
switch; paid sick leave status, therefore, was for some participants carried forward from a 
previous wave if they indicated they were still at the same job and company as in that previous 
wave. Participants could indicate either a specific number of days or “no set number”. Responses 
indicating accrual of less than 1 day per year were coded as “0” days. Two classification 
schemes for exposure status were developed:  
• Dichotomous: zero (no days paid sick leave) or nonzero (at least 1 day) 
 • Trichotomous, based on recent research suggesting that 10+ days constitutes a threshold 
for health behavioral change: zero, 1-9 days, 10+ days  
3.2.3 Covariates: 
 
A range of covariates were included in this study on the basis of the literature review 
conducted as well as theoretical relevance to the study questions at hand. Demographic 
covariates of interest included: age (in years), sex (male/female), race (White/Black/Other), 
ethnicity (Hispanic/Not Hispanic), Marital status (Married as of Wave 12/not married as of Wave 
12), education (in years). Occupation-related covariates included: hourly wage rate, company 
size, union status, and job tenure. Presence of a health impairment limiting type or amount of 
work for a participant, access to health insurance (health insurance that includes private health 
insurance, public health insurance only/ uninsured), household wealth (excluding value of a 
second residence, in dollars), and access to dental insurance (yes/no) were also included. Lastly, 
another covariate of note is perceived social support, derived from a four-factor scale assessing 
participant perceptions of support from their spouses, friends, family members, and children via 
a leave-behind survey separate from the main HRS interview. Scores for perceived social support 
range from 1-4, with higher scores indicating higher perceived support (Smith, Ryan, Fisher, 
Sonnega, & Weir, 2017). 
Only a subset of these variables were included in the propensity score models predicting 
likelihood of paid sick leave status. The full list of covariates, along with information on whether 
they were excluded from the propensity score model and why, are available in Table 3.2.3. 
 
 
 3.3 Data Analysis 
Data processing and analyses were conducted in R (R Core Team, 2018). The data.table 
(Dowle & Srinivasan, 2019) and dplyr (Wickham, François, Henry, & Müller, 2019) packages 
were used for data manipulation and management, psych for descriptive statistics (Revelle, 
2018), cobalt for comparing covariate balance between groups after creating propensity score 
(Greifer, 2019), and ggplot2 for visualizations and charts (Wickham, 2016). The survey package 
was used to calculate survey-weighted estimates (Lumley, 2019). 
First, descriptive statistics of the covariates, comprising comparisons of medians for 
continuous variables and comparisons of frequencies for categorical variables, were conducted 
by exposure category (Tables 4.1.1 & 4.1.2) and by study outcomes (Table 4.1.3) to assess 
covariates that might be confounding the relationships between paid sick leave and health 
outcomes of interest to this study. Both unweighted and weighted percentages incorporating 
survey weights are presented. Pearson Chi-square with the Rao-Scott correction were used for 
comparing survey-weighted proportions of categorical variables, and Wilcoxon Rank-Sum or 
Kruskal-Wallis were used for testing the survey-weighted medians of the continuous variables. 
 
3.3.1 Modeling probability of exposure (propensity score) 
 
On the basis of prior literature and theory, a subset of the covariates used in this study 
were assembled into a propensity score predicting the likelihood of paid sick leave availability. 
Two sets of propensity scores were created: one for the dichotomous exposure state (zero days 
versus nonzero days), and one for the trichotomous exposure state (zero days, 1-9 days, and 10+ 
days). Logistic regression was used to create the propensity score for the dichotomous exposure 
state. Multinomial logistic regression was used to create generalized propensity scores (also 
 known as balance scores) for the trichotomous exposure state (Imbens, 2000). Two types of 
treatment weights were calculated based on the propensity scores: inverse probability of 
treatment weights (IPTW), which weight “exposed” participants by 1/(estimated propensity 
score) and “unexposed” participants by 1/(1-estimated propensity score) (Kurth et al., 2006); and 
the Standard Mortality Ratio (SMR), which weight “exposed” participants with 1 and 
“unexposed” participants with (propensity score/(1-propensity score)). The IPTW and the SMR 
provide two related, but different estimates of effect. The IPTW assesses average treatment 
effect (ATE), or the difference in effect on the outcome between everyone in the sample having 
paid sick leave, compared to everyone in the sample not having paid sick leave  (Dugoff, 
Schuler, & Stuart, 2014). The SMR, on the other hand, assesses the average treatment effect on 
the treated (ATT), which is the difference in effect between individuals who have paid sick leave 
compared to the individuals who don’t have paid sick leave (Dugoff et al., 2014; Kurth et al., 
2006). 
 
 
3.3.2 Modeling probability of study outcomes (applying propensity score) 
 
Crude, multivariable, propensity-adjusted, and propensity weighted (using IPTW or 
SMR) logistic regression models were run for each health outcome of interest (i.e. cholesterol 
test, flu shot, depression, dental visit) as a function of paid sick leave availability. For 
comparison purposes, all models were run with and without Wave 12 Health and Retirement 
Study respondent survey weights. 
The crude model contained only paid sick leave availability in the model. Adjusted 
models implementing the propensity score included models with only the propensity score and 
 paid sick leave availability, as well as multivariable models including the propensity score and 
select covariates pertinent to the given health outcome in the model; the propensity score was 
applied as both a continuous predictor and as the mean of the deciles for the propensity score in 
both sets of models. Propensity-weighted models included either IPTW or SMR weights. For the 
models that incorporated information from survey weights as well as propensity weights, a new 
weight was created that was the product of the relevant propensity weight and the survey 
respondent weight (i.e. propensity weight * survey weight): this product would then be used as 
the weight for the respective model (Dugoff et al., 2014). 
 
 
4. Results 
A total of 17,091 respondents participated in the 2014 wave of data collection for the 
Health and Retirement Study, of which 3930 individuals had non-missing information on days of 
paid sick leave. Individuals were further excluded from this analysis if they had missing data for 
any of the propensity score covariates, yielding an analytic sample of 2455 participants, aged 54 
to 92 (median: 60, IQR: 57-64).  47.3% of the analytic sample was female, and the median 
household wealth was $197,302.90 (IQR: $53,552.44 to $516, 065). 37.15% of the survey-
weighted analytic sample reported access to no paid sick leave, 25.31% had access to 1-9 days, 
and 37.55% had access to 10 or more days. 86.62% of the analytic sample reported a blood 
cholesterol test in the previous two years, 59.85% had received a flu vaccination, 7.07% were 
depressed, and 77.17% reported a visit to the dentist in the previous two years. 6.22% of the 
sample was uninsured. 
The bivariate associations between covariates and paid sick leave availability (the study 
exposure) are shown in Tables 4.1.1 and 4.1.2. The bivariate associations between covariates and 
 the study health outcomes are shown in Table 4.1.3. Collectively, Tables 4.1.1, 4.1.2, and 4.1.3 
highlight potential confounders in this observational study. 
  
4.1 Propensity score model 
 
The logistic model used to estimate the propensity of receiving paid sick leave (versus 
not receiving, i.e. two exposure categories) was tested for goodness of fit via the Hosmer-
Lemeshow test, and was found, at the significance level of alpha=.05, not to have evidence 
showing a lack of fit (𝜒2 statistic= 4.16 with 8 df, p value= 0.842).  
The multinomial logistic model used to estimate the propensity of zero days, 1-9 days, or 
10+ days of paid sick leave was also tested via the Hosmer-Lemeshow goodness of fit test for 
multinomial response variables, yielding no evidence of a lack of fit between observed values of 
paid sick leave and those predicted by the model (𝜒2 statistic: 20.648 with 16 df, p value= 
0.1924). Goodness of fit tests were conducted with the generalhoslem package in R (Jay, 2018). 
For each set of propensity scores, probability distribution functions were generated to visualize 
the overlap of “common support”, or overlapping probability curves, between exposure groups 
(Figures 4.1, 4.2). Visual inspections of the probability distributions do indicate large regions of 
common support, e.g. individuals who actually reported “0” days of paid sick leave had at least a 
slim probability of having 1+ days of paid sick leave based on their other covariates. 
The distribution of the key health outcomes of this study (cholesterol testing, flu 
vaccination, depression, and dental visits) by paid sick leave status and propensity score decile 
are shown in Tables 4.2.5 through Tables 4.2.8 for binary paid sick leave. All deciles of the 
propensity score for the paid sick leave as a dichotomous exposure contained both individuals 
with paid sick leave and those without, further indicating overlap in distribution between 
 propensity score distributions known as common support (Stuart, 2010). For most outcomes 
there was not a gradient observed with regard to the propensity score and odds of a given health 
outcome; the exception was dental visit, which showed generally higher odds of having visited 
the dentist for lower propensity. 
 
4.2 Comparison of estimates from different approaches to control for confounding 
 
Estimates from the various models are shown in Tables 4.2.1, 4.2.2, 4.2.3, and 4.2.4. 
Traditional multivariable modeling (i.e. using the individual variables that went into the 
propensity score as separate covariates, plus choice theory-driven confounders) tended to yield 
estimates that were greater in magnitude than estimates from models that adjusted for the 
propensity score and the theory-driven confounders. Generally, application of survey weights 
attenuated associations observed from the unweighted models. 
 
 4.2.1 Cholesterol test 
 
In examining estimates for cholesterol using dichotomized paid sick leave categories: 
having 1+ days of paid sick leave, compared to having none, was positively associated with 
receiving a cholesterol test in the preceding two years when looking only at the crude survey-
weighted association (OR: 1.7, 95% CI: 1.28, 2.25). All models featuring cholesterol testing as 
an outcome found elevated odds of a cholesterol test for those who had at least 1 day of paid sick 
leave, versus those who had none, although most of the corresponding 95% confidence intervals 
include 1 (i.e. include the possibility of there being no association). The two exceptions were the 
models that included only paid sick leave status and the propensity score, either as a continuous 
 covariate or as a decile; controlling for health insurance, however, in the multivariable versions 
of those two models yielded statistically insignificant confidence intervals.  
Similarly, in assessing cholesterol using trichotomized paid sick leave exposure 
categories, participants who had 1-9 days or had 10+ days were each, compared to the referent 
group of having zero days, had with higher odds of having a cholesterol test; as with the 
dichotomized models, however, the confidence intervals associated with these models mostly 
included 1.  
Within each given model that used trichotomized paid sick leave categories, participants 
who had 10+ days of paid sick leave had higher odds of cholesterol testing behavior than 
participants who had 1-9 days of paid sick leave (e.g. participants who had 1-9 days had 1.27 
times the odds of getting a cholesterol test compared to those who had none, by the survey-
weighted IPTW model; by that same survey-weighted IPTW model, participants who had 10+ 
days had 1.37 times the odds of getting a cholesterol test compared to those who had none). 
 
4.2.2 Flu shot 
 
The odds of having a flu shot for those who had at least 1 day of paid sick leave was 0.99 
times the odds of those who had none (95% CI: 0.88, 1.34) when considering the survey-
weighted crude model. Unweighted adjusted models with flu shot as the outcome yielded a few 
elevated odds ratios with confidence intervals that excluded 1, but application of survey weights 
resulted in wider intervals with more uncertainty that rendered these models statistically 
insignificant (e.g. IPTW survey-weighted model for dichotomous paid sick leave: OR: 1.01, 95% 
CI: 0.75, 1.36) 
4.2.3 Dental care 
 
 Without adjusting for any potential confounding (i.e. crude survey-weighted models), 
individuals who had 1+ days of paid sick leave had 2.45 times the odds of a dental visit in the 
previous two years (95% CI: 1.94, 3.10) compared to those with none; individuals who had 1-9 
days had 1.77 times of a dental visit (95% CI: 1.33, 2.36) compared to individuals with none, and 
individuals who had 10+ days had 3.21 times the odds of a dental visit (95% CI: 2.41, 4.27) 
compared to individuals with none.  Controlling for confounders via multivariable modeling 
yielded a survey-weighted odds ratio of 1.3 (95% CI: 0.95, 1.79) for the association between 
having 1+ days paid sick leave (versus none) and a dental visit in the past two years; estimates 
from survey-weighted models adjusting for the propensity score as well as dental insurance 
yielded similar but slightly lower estimates of association: OR: 1.22 (95% CI: 0.90, 1.65) and 
OR: 1.21 (95% CI: 0.90, 1.63) for the propensity-adjusted multivariable models with the 
continuous and decile propensity adjustments, respectively. 
While not all odds ratios generated from the models using dental visit as an outcome 
yielded statistically significant confidence intervals that excluded 1, all such odds ratios did 
indicate a consistently positive relationship between paid sick leave availability and a dental 
visit: participants who had 1+ days had higher odds of a dental visit compared to those who had 
none, and participants who had 1-9 days or 10+ days had higher odds than those who had none. 
Individuals who had access to relatively more paid sick days (i.e. 10+ days versus 1-9 days) had  
higher odds of a dental visit. 
The model exhibiting the greatest magnitude of positive relationship was the SMR 
weighted model for the trichotomous paid sick leave: individuals with 1-9 days paid sick leave 
had 2.21 times the odds of a dental visit (95% CI: 1.57, 3.11), and individuals with 10+ days paid 
 sick leave had 6 times the odds of a dental visit (95% CI: 4.00, 9.01), with both groups compared 
to individuals with no paid sick leave.  
 
4.2.4 Depression 
For depression, the crude survey-weighted association between paid sick leave 
availability and depression indicates a protective effect, with lower odds of being depressed for 
those who have at least some paid sick leave compared to those who have none (OR for 
dichotomous paid sick leave: 0.54 (95% CI: 0.37, 0.79); OR for trichotomous paid sick leave: 
0.52 (95% CI: 0.32, 0.84) and 0.55 (95% CI: 0.35, 0.88) for 1-9 days and 10+ days, respectively, 
compared to having zero days). The survey-weighted models that used either multivariable 
adjustment or propensity score methods to control for confounding all had confidence intervals 
that included 1, but based on measures of association alone indicate “protective” (i.e. reduced 
odds) of depression for those with more paid sick leave access, compared to those who have 
none. 
 
5. Discussion 
 
5.1 Discussion of Research Questions and Key Findings 
 
This cross-sectional study examined the associations between paid sick leave availability 
and preventive health services as well as overall socioemotional health in a nationally 
representative sample of Americans over the age of 50, using both propensity score methods and 
multivariable logistic regression methods to account for confounding. Comparisons of the 
resulting estimates yield several salient findings.  
 First, having paid sick leave was positively associated with receiving a cholesterol test in 
the preceding two years and with a dental visit in the preceding two years, based on models that 
used propensity score information only to account for confounding. With the addition of health 
insurance and dental insurance, respectively, to these propensity models, the associations were 
attenuated: still indicating a positive association, but no longer yielding confidence intervals that 
would, in 95% of identically replicated trials free of bias, exclude an odds ratio of 1 indicating 
“no effect.” This finding of positive relationships between paid sick leave availability and the 
respective health outcomes is consistent with other previous work among comparatively younger 
workers that found elevated odds of cholesterol tests associated with having, versus not having, 
paid sick leave access (L. A. DeRigne et al., 2017; Hammig & Bouza, 2019) and also consistent 
with the finding of elevated odds that looked at paid sick leave (having it versus not having it) as 
a predictor of a dental visit among male workers (Hammig & Bouza, 2019).  
Second, all models with trichotomous categorization of paid sick leave yielded 
preliminary evidence of stepwise associations between paid sick leave availability and 
cholesterol tests and dental visits; individuals with relatively more paid sick leave also had 
relatively higher odds of those health outcomes. This finding is consistent with the findings and 
recommendations of DeRigne et al.’s (2018) study among workers aged 49-57, which found that 
a threshold of 10 or more days was an important tipping point at which preventive service usage 
increases from paid sick leave availability would become more apparent.  
Third, this study failed to find an association between paid sick leave availability and 
receipt of a flu vaccine. This finding does not align with previous research on workers aged 18-
64 that did show an association between having paid sick leave (versus having none, or having 
relatively less) and receiving a flu vaccine (L. A. DeRigne et al., 2017; L. DeRigne et al., 2018; 
 N. Kim & Mountain, 2018; Wilson et al., 2014), and may reflect either differences between the 
health contexts of adults traditionally considered “working age” (OECD, 2019) versus the 
workers included in this study, who span midlife to the brink of retirement, or insufficient 
statistical power to detect that association. As evidenced by 2014-2015 influenza vaccination 
rates, uptake of influenza vaccination is higher to begin with among older Americans (Centers 
for Disease Control and Prevention, 2015), such that such that any additional advantages 
conferred by increased access to PSL might be negligible. Additionally, previous research has 
indicated that misinformation about flu vaccination and vaccines more generally is prevalent in 
older adults: some believe that vaccinations might actually cause the disease in question (Eilers, 
Krabbe, & de Melker, 2014), and others are not aware that their insurance benefits cover the 
entire cost of the flu shot (Cross-Barnet, Colligan, McNeely, Strawbridge, & Lloyd, 2019). It 
may be the case that, for older workers, providing targeted education campaigns dispelling 
misconceptions about the influenza vaccine would be a more effective promoter of vaccine 
uptake than employment-level policy changes. 
Fourth, this study yielded descriptive evidence of paid sick leave availability being 
associated with reduced depression, but with the opposite dose-response relationship that might 
be expected: relatively higher levels of paid sick leave (i.e. 10+ days versus 1-9 days) were 
associated with relatively higher levels of depression. The literature is scarce with regard to paid 
sick leave impacts on depression, but if we are to equate mental health distress with depression 
symptomology, the findings of this study could be considered partially consistent with Stoddard-
Dare et al.’s (2018) conclusion that paid sick leave availability (having some versus none) is 
associated with lower distress. No previous studies have looked at the effect of different 
thresholds of paid sick leave availability on depression or mental health, more broadly. More 
 research is needed to validate these findings and explore the mechanisms behind the potential 
increase in depression associated with an increase in access to paid sick days. 
 Fifth, comparisons of estimates between models addressing confounding in different 
ways for a given health outcome yielded the finding that traditional multivariable modeling 
produced slightly larger estimates of effect than the multivariable models that adjusted for the 
propensity score and then select additional confounders. This finding is similar to that of Kurth et 
al. (2006), who also compared estimates from varying approaches to control confounding, but for 
a different observational research question. 
 
5.2 Implications of Findings 
 
Given that older workers face circumstances unique to their stage in life, influenced by 
factors such as ability to retire, or lack thereof (Kanfer et al., 2013), rising healthcare costs 
(Machlin & Carper, 2014), and, often, multiple comorbid conditions that need management 
(Gerteis et al., 2014), it is important to understand how provision of PSL may be associated with 
health-related outcomes specifically in this group. This research extends work previously done 
on the general working population in the United States to the fastest-growing demographic of the 
American workforce and may inform the work of policymakers and future researchers alike who 
are adopting a health-in-all-policies lens (Lazzari, de Waure, & Azzopardi-Muscat, 2015) 
towards considering paid sick leave policies. 
From a substantive public health perspective, this study provides preliminary evidence 
that access to paid sick leave among older workers may be associated with increased blood 
cholesterol tests and dental visits, both of which may be important to the health of older workers 
and to healthy aging overall. For professionals in the fields of public health and medicine, this 
 work has implications for detection of risk factors for chronic disease or even mitigating chronic 
disease itself. Regular cholesterol screenings are important for detecting risk of heart disease and 
stroke (Centers for Disease Control and Prevention, 2011). Similarly, 64% of older Americans 
have moderate-to-severe periodontal disease (Eke, Dye, Wei, Thornton-Evans, & Genco, 2012), 
which can impact quality of life (Ferreira, Dias-Pereira, Branco-de-Almeida, Martins, & Paiva, 
2017) as well as risk of cardiovascular disease, and diabetes (Liccardo et al., 2019), but is largely 
preventable through regular cleanings with a dental health practitioner (McGowan, Healey, & 
Evans, 2016). Given the disparities that exist by income and socioeconomic status in access and 
uptake of health and dental services (McGowan et al., 2016), further examinations of paid sick 
leave as an potential avenue to foster increased health equity among older Americans are critical.  
Employers and economists may also be interested in this work, as an increased focus on 
preventive health efforts may well lead to 1) improved workplace and economic productivity 
from fewer days lost to disability, illness, or pain (Loeppke et al., 2009), or 2) cost-savings from 
reduced healthcare spending at the national level (Thorpe, 2005). For example, previous research 
has examined the cost-effectiveness of expanding Medicare to include dental coverage and 
concluded that doing so would be beneficial for the health of older adults as well as containing 
costs from expensive treatments arising from postponement of dental care (Moeller, Chen, & 
Manski, 2010). Paid sick leave is another potential policy support that may, through provision of 
both money and time, be associated with increased dental visits and health screenings for older 
workers. Future research should examine the specific economic costs of federally expanding paid 
sick leave access to workers, compared with the return on investment at various thresholds and 
types of paid sick leave availability. As demonstrated through this study and DeRigne et al. 
 (2018), having access to 1 day of paid sick leave (compared to zero days) might not have the 
same effect as having access to 15. 
From a methodological and research design perspective, this study illustrates the 
heterogeneity of results from different approaches to address confounding and highlights the 
importance of incorporating propensity methods into observational research as a means of testing 
the robustness of measures of association.  Propensity methods may be a useful tool for checking 
the balance of or even rebalancing exposure groups and can yield a variety of results as 
appropriate for the given research question (Stuart, 2010). Future researchers working with 
observational data should consider incorporating propensity methods into their work. While 
inferential statistics by nature requires working with variability, testing different mechanisms for 
addressing confounding can help make science more transparent and illustrate the range of 
assumptions that may influence measures of association, one way or another. 
 
5.3 Study Strengths and Limitations 
 
This study has a number of strengths, including generalizability of findings to older 
working adults over the age of 50 in the United States. The Health and Retirement Study is an 
exceptionally rich dataset that collects detailed data on various life circumstances of adults in 
midlife through late life and follows participants from enrollment through to death; this allows 
for controlling of many different types of potential confounders. The ability to examine paid sick 
leave as an exposure with more than two categories (zero days or 1+ days) is another strength of 
this study, as it permits a more nuanced analysis of the impacts of greater thresholds of such 
availability on the prevalence odds of the health outcomes of interest. Lastly, this study 
employed multiple analytic techniques to address confounding, which results in the ability to 
 better understand how different sets of assumptions might affect the resulting estimates for the 
relationship between paid sick leave availability and the respective health outcomes.  
This study also has some important limitations. The cross-sectional nature of the data 
used in this analysis means that it is possible, at best, to determine the presence or absence of 
associations between the exposure of paid sick leave and the respective health outcomes; it is 
inappropriate to speculate if paid sick leave availability actually causes an increase in, for 
example, visits to the dentist, because information about the sequencing of events is unavailable. 
While propensity methods are a technique to check the robustness of resulting estimates from 
confounding influences, propensity scores have assumptions that must be met as well: namely, 
that all confounders are known, that individuals in the various exposure groups have a non-zero 
probability of receiving a given exposure (e.g. that it wouldn’t be impossible for any given 
individual to have zero days paid sick leave), and that the outcomes of one individual are not 
influenced by the exposure status of another, also referred to as the Stable Unit Treatment Value 
Assumption (Rosenbaum & Rubin, 1983). It is likely that there remains some unmeasured 
confounding in this study, as indicated below.  
Another limitation to this study is the heterogeneous nature of paid sick leave offering 
structures. The scope of paid sick leave benefits, when available, also varies greatly from one 
employment situation to another: some employers allot a fixed number of days, while others 
allow PSL on an as-needed basis without a specific limit, and still others provide a combined 
pool of PSL and vacation days (Bleser, Miranda, & Salmon, 2019). Individuals who reported 
having consolidated leave plans, or a pool of paid sick leave and vacation days, were excluded 
from analysis; there were, however, only 43 such individuals who fell into this category, 
rendering it unlikely that their inclusion would significantly impact estimates. There may also be 
 large differences at the organizational level and managerial level in not only the structure of 
leave policies themselves, but also how such policies are implemented. We were unable to 
analyze factors such as workplace flexibility and people-oriented culture, both of which have 
been shown to influence preventive health care utilization (Sabbath et al., 2018) and therefore 
which may be unmeasured confounders in this analysis. 
Another limitation was the high missingness of social support, which is reflected in the 
loss of precision (i.e. large confidence intervals) for the multivariable estimates around 
depression. Two reasons are likely for the large number of missing data: first, social-support 
questions were assessed via a leave-behind survey, rather than a core component of the main 
HRS interview; secondly, the measure of social support used in this study has specific rules for 
treating missing data, such that a few key questions missed means that the entire summary score 
used for that individual is rendered missing. 
There is the potential for measurement error in this study, given that both exposure (paid 
sick leave availability) and certain outcomes (cholesterol test, flu shot) were carried forward 
from the respondent’s report in a previous wave if certain conditions held true. Additionally, the 
self-reported nature of the measures introduces recall bias if a given respondent is unfamiliar 
with his/her benefits or cannot clearly recall the last time he/she engaged in a given preventive 
health behavior. 
Finally, the extent to which the results were influenced by the Affordable Care Act’s 
implementation is unclear.  Effective September 23, 2010, all new health insurance plans were 
required to make certain preventive services (including flu vaccinations and cholesterol tests), 
free for the insured (Institute of Medicine, 2015). However, given that some of the flu 
vaccination and cholesterol data was collected in May 2012 and asks respondents to reflect on 
 the preceding two years, it is possible that their health plans did not cover those services when 
they were sought. 
 
5.4 Conclusion 
In this nationally representative study of older working adults, traditional multivariable 
model estimates as compared to propensity-weighted and propensity-adjusted model estimates 
yielded slightly differing results for the associations between paid sick leave access and a range 
of health-related outcomes (receiving a cholesterol test, receiving a flu vaccination, visiting the 
dentist, and depression). The strongest evidence for an association with paid sick leave 
availability was evident from the models using cholesterol tests and visits to the dentist as 
outcomes. Models using three levels of paid sick leave availability (i.e. zero days, 1-9 days, and 
10+ days) demonstrated that relatively higher levels of paid sick leave generally demonstrated a 
greater association.  
 Future research can expand on this work by conducting longitudinal studies that treat 
paid sick leave availability as a time-varying exposure and that continue to treat paid sick leave 
access in a non-binary way. Access to paid sick leave may shift through an individual’s working 
life, as time spent on a given job changes, as jobs themselves change, or as industry standards or 
local laws change. In keeping with the life-course perspective, which posits that accumulated 
experiences and life contexts contribute to differential trajectories of healthy growth and aging 
(Hendricks, 2012), investigating how cumulative access to paid sick leave prospectively affects 
health outcomes later in life may enable stronger causal inferences about the true impacts of such 
a policy on population health. Further work is also needed to understand how expansion of paid 
sick leave laws alleviate health disparities among older workers; segments of the population that 
have historically suffered health inequities (e.g. racial/ethnic minorities and low-paid workers) 
 are also among those workers most likely to lack paid sick leave, such that more universal 
availability could well facilitate increased health equity. 
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Appendices 
 
Table 2.1.6. Previous studies using paid sick leave as an exposure to study health-related outcomes among American workers 
Lead 
author 
Year  Study population (mean or 
median age) 
Dataset Paid Sick 
Leave as 
Exposure 
Study outcomes assessed 
Chol. 
test 
Flu 
shot 
Dental visit Depression 
Cook  2011 Workers aged “18 and older” 
(not provided) 
2007 NHIS Yes/No     
Peipins 2012 18-85 (not provided) 2008 NHIS Yes/No     
Wilson 2014 Workers aged 18-85 (not 
provided) 
2006-2010 
MEPS 
Yes/No  X   
DeRigne 2016 Workers aged 18-64 (mean: 
42) 
2013 NHIS Yes/No     
DeRigne 2017 Workers aged 18-64 (median 
42.6) 
2015 NHIS Yes/No X X   
DeRigne 2018 Workers aged 49-57 (not 
provided) 
2014 NLSY 0-2, 3-5, 
6-9, or 
10+ days 
X X   
Stoddard-
Dare 
2018 Workers aged 18-64 (mean: 
41.2) 
2015 NHIS Yes/No    (Psychological 
distress) 
Hammig  2019 Male workers aged 18-64 (not 
provided) 
2013-2015 
NHIS 
Yes/No   X  
Kim 2017  Workers aged 18-85 (mean: 
40.1) 
2001-2002 
NHIS 
Yes/No     
Kim 2018 Workers aged 18-64 (not 
provided) 
2009-2010 
NHFS 
Yes/No  X   
NHIS: National Health Interview Survey 
MEPS: Medicare Expenditure Panel Survey 
NLSY: National Longitudinal Survey of Youth 
NHFS: National H1N1 Flu Survey 
 
  
  
Table 3.2.3 Covariates included in propensity score models 
 Included? Reason for exclusion 
Individual characteristics   
  Age Yes  
  Sex Yes  
  Race Yes  
  Hispanicity Yes  
  Marital status Yes  
  Years of education Yes  
  Health problem limiting work Yes  
  Health insurance No Not related to paid sick leave; related to preventive health services 
  Perceived social support No Not related to paid sick leave; related to depression 
  Access to dental insurance No Not related to paid sick leave; related to dental care 
Household characteristics   
  Household wealth Yes  
Job characteristics   
  Hourly wage rate Yes  
  Labor force participation level Yes  
  Company size across all locations Yes  
  Union status Yes  
  Job tenure Yes  
 
 
  
 Table 4.1.1 Bivariate associations of covariates with paid sick leave availability (using dichotomous exposure categories) among working adults, 2014 
Health and Retirement Survey (n=2455)   
Zero days (n=990) 1+ days (n=1465) P-value   
Count Percentage Count Percentage 
 
   
Unweighted Weighted 
 
Unweighted Weighted 
 
Age § Median (IQR) 
 
61 (10) 61 (9) 
 
59 (7) 59 (6) <.0001 
Sex ¤ Male 514 51.92% 54.00% 713 48.67% 52.00% 0.4401  
Female 476 48.08% 46.00% 752 51.33% 48.00% 
 
 
Missing 0 
  
0 
   
Race ¤ White 713 72.02% 85.32% 1051 71.74% 86.40% 0.1089  
Black 171 17.27% 6.96% 273 18.63% 7.94% 
 
 
Other 106 10.71% 7.71% 141 9.62% 5.65% 
 
 
Missing 0 
  
0 
   
Hispanic ¤ Yes 162 16.36% 9.34% 169 11.54% 5.49% 0.0009  
No 828 83.64% 90.66% 1296 88.46% 94.51% 
 
Years of education § Median (IQR) 
 
13 (3) 14 (4) 
 
14 (4) 15 (3) <.0001 
Marital status ¤ Married 626 63.23% 66.13% 958 65.39% 70.00% 0.1113  
Not married 364 36.77% 33.87% 507 34.61% 30.00% 
 
 
Missing 1 
  
0 
   
Labor force 
participation ¤ 
Full time 490 49.49% 52.17% 1879 86.79% 88.27% <.0001 
part-time 162 16.36% 14.50% 187 8.64% 7.27% 
 
partly retired 338 34.14% 33.87% 99 4.57% 4.46% 
 
Hourly wage rate ($) § Median (IQR) 990 13.33 
(11.00) 
15.25 
(15.95) 
1465 23.41 (19.04) 26.71 (20.83) <.0001 
Company size in 
employees § 
Median (IQR) 990 60 (610.75) 70 ( 90) 1465 650 (5910) 800 (6937.29) <.0001 
Union status ¤ unionized 63 6.36% 7.30% 323 22.05% 20.60% <.0001  
not unionized 927 93.64% 92.70% 1142 77.95% 79.40% 
 
Tenure on the job 
(years) § 
Median (IQR) 990 4.9 (10.1) 4.9 (11.0) 1465 12.4 (17.4) 12.9 (17.9) <.0001 
H lth impairment ¤ Yes 125 12.63% 13.06% 109 7.44% 7.66% 0.0004 
No 865 87.37% 86.94% 1356 92.56% 91.25% 
 
Household wealth § Median (IQR) 990 126,000 
(416,500) 
180,477.2 
(513,223.60) 
1465 160,000 
(363,800) 
199,668.2 
(417,669.20) 
0.8573 
Perceived social 
support § 
Median (IQR) 990 2.31 (0.32)  1465 2.29 (0.36) 
 
0.6638 
Dental Insurance ¤ Yes 469 47.57% 52.44% 1198 81.83% 83.22% <.0001 
No 517 52.43% 47.56% 266 18.17% 16.78% 
 
 
Missing 9 
  
16 
   
Health Insurance¤ Private 607 61.56% 68.84% 1300 88.74% 91.25% <.0001 
Public only 238 24.14% 20.22% 93 6.35% 5.31% 
 
 
Uninsured 141 14.30% 10.93% 72 4.91% 3.44% 
 
 
Missing 15 
  
11 
   
§ Survey-weighted Wilcoxon test 
¤ Pearson Chi-Square with Rao-Scott Adjustment 
  
 Table 4.1.2. Bivariate associations of covariates with paid sick leave availability (using trichotomous categories) among working adults, 2014 Health and 
Retirement Survey (n=2455)   
0 days (n=990) 1-9 days (n=637) 10+ days (n=828) P-value   
Count Percentage Count Percentage Count Percentage 
 
   
U W 
 
U W 
 
U W 
 
Age § Median (IQR) 
 
61 (10) 61 (9) 
 
59 (7) 59 (6) 
 
59 (7) 59 (6) <.0001 
Sex ¤ Male 514 51.92% 54.00% 334 52.43% 57.84% 379 45.77% 48.06% 0.0082  
Female 476 48.08% 46.00% 303 47.57% 42.16% 449 54.23% 51.94% 
 
 
Missing 0 
  
0 
  
0 
   
Race ¤ White 713 72.02% 85.32% 448 70.33% 85.53% 603 72.74% 87.00% 0.2804  
Black 171 17.27% 6.96% 118 18.52% 8.30% 155 18.70% 7.70% 
 
 
Other 106 10.71% 7.71% 71 11.15% 6.17% 71 8.56% 5.30% 
 
 
Missing 0 
  
0 
  
0 
   
Hispanic ¤ Yes 162 16.36% 9.34% 84 13.19% 6.02% 85 10.27% 5.13% 0.0029  
No 828 83.64% 90.66% 553 86.81% 93.98% 743 89.73% 94.87% 
 
Years of education § Median (IQR) 990 13 (4) 14 (4) 637 14 (4) 14 (4) 828 15.0 (3) 16 (3) <.0001 
Marital status ¤ Married 626 65.89% 66.13% 594 62.53% 71.27% 789 64.94% 69.12% 0.22  
Not married 324 34.11% 33.87% 356 37.47% 28.73% 426 35.06% 30.88% 
 
 
Missing 1 
  
0 
  
0 
   
Labor force 
participation ¤ 
Full time 490 49.49% 52.17% 557 87.44% 88.11% 732 88.41% 88.37% <.0001 
part-time 162 16.36% 14.50% 52 8.16% 7.63% 60 7.25% 7.03% 
 
partly retired 338 34.14% 33.87% 28 4.40% 4.26% 36 4.35% 4.60% 
 
Missing 0 
  
0 
  
0 
   
Hourly wage rate ($) § Median (IQR) 990 13.33 
(11.00) 
15.25 
(15.95) 
637 20.00 
(15.75) 
24.04 
(16.74) 
828 25.50 
(21.12) 
28.00 
(22.54) 
<.0001 
Company size in 
employees § 
Median (IQR) 990 60 (610.75) 70 ( 90) 637 300 (3950) 300 ( 950) 828 1000 
(7850) 
1000 (8850) <.0001 
Union status ¤ Unionized 63 6.36% 7.30% 84 13.19% 12.01% 239 28.86% 26.39% <.0001  
Not unionized 927 93.64% 92.70% 553 86.81% 89.00% 589 71.14% 73.61% 
 
Tenure on the job  § Median (IQR) 990 4.90 (10.1) 4.9 (11.00) 637 9.40 (15.4) 10.20 
(16.97) 
828 14.25 
(19.3) 
14.43 
(18.62) 
<.0001 
Health impairment ¤ Yes 125 12.63% 13.06% 52 8.16% 8.76% 57 6.88% 6.91% 0.0017 
No 865 87.37% 86.94% 585 91.84% 91.24% 771 93.12% 93.09% 
 
Household wealth  § Median (IQR) 990 126000 
(416,500) 
180477.2 
(513,223) 
637 134,000 
(353,001) 
192,154.30 
(436,998) 
828 176,582 
(370,400) 
204,894.80 
(407,230) 
0.4532 
Perceived Social 
Support § 
Median (IQR) 990 2.29 (0.30) 
 
637 2.29 (0.32)  828 2.29 
(0.32) 
 0.763 
Dental Insurance ¤ Yes 469 47.57% 52.44% 501 78.77% 83.22% 697 84.18% 
 
<.0001 
No 517 52.43% 47.56% 135 21.23% 16.78% 131 15.82% 
  
Missing 16 
  
6 
  
3 
   
Health Insurance ¤ Private 607 61.56% 
 
543 85.24% 
 
757 91.43% 
 
<.0001 
Public only 238 24.14% 
 
53 8.32% 
 
40 4.83% 
  
Uninsured 141 14.30% 
 
41 6.44% 
 
31 3.74% 
  
 
Missing 15 
  
7 
  
4 
   
U = Unweighted 
W = Weighted 
§ Survey-weighted Wilcoxon test 
¤ Pearson Chi-Square with Rao-Scott Adjustment 
 Table 4.1.3.1 Bivariate association of covariates with cholesterol tests among working adults, 2014 Health and Retirement Study (n=2418)   
Reported getting cholesterol test (n=378) Reported not getting cholesterol test (n=2040) P-value   
Count U % W % Count U % W % 
 
Age § Median (IQR) 2040 60 (8) 60 (7) 378 59 (6) 59 (6) 0.0015 
Sex ¤ Male 974 47.75 60.48 228 60.32  51.55  0.0146  
Female 1066 52.25 39.52  150 39.68  48.45  
 
 
White 1488 72.94 83.37  249 65.87  86.56  0.1105 
Race ¤ Black 352 17.25 9.91  85 22.49  7.09  
 
 
Other 200 9.80 6.72  44 11.64  6.36  
 
 
Yes 254 12.45 9.82  73 19.31  6.50  0.032  
No 1786 87.55 90.18  305 80.69  93.50  
 
Hispanic ¤ Median (IQR) 2040 14 (4) 15 (4) 378 13(4) 13 (4) <.0001 
 
Years of education § 
Marital status ¤ 
Yes 1327 65.05 68.05  235 62.17  69.00  0.7661 
No 713 34.95 31.95  143 37.83  31.02  
 
Missing 0 
  
1 
   
 
Labor force participation ¤ 
Full time 1470 72.06 73.40  282 74.60  75.29  0.7506 
Part-time 225 11.03 10.80  46 12.17  9.72  
 
Partly retired 345 16.91 15.80  50 13.23  14.99  
 
Hourly wages ($) § Median (IQR) 378 19.98 (18.33) 23.08 (22.20)  2040 16.00 (14.00) 18.00 (16.39) <.0001 
Company size in employees § Median (IQR) 2040 306 (3960) 500 (4950) 378 100 (985) 100 (985) <.0001 
Unionized ¤ Yes 336 16.47 10.74  46 12.17  16.46  0.0239 
No 1704 83.53 89.26  332 87.83  83.54  
 
Tenure on the job § Median (IQR) 2040 9.3 (16.40) 9.63 (17.30) 378 6.2 (12.93) 7.0 (16.5) 0.0051 
Health impairment ¤ Yes 207 10.15 92.64  25 6.61  10.02  0.194 
No 1833 89.85 7.35  353 93.39  89.98  
 
Household wealth § Median (IQR) 2040 156,700 (398,125) 204,879 (473,000) 378 74,000 (299,750) 145,318 (352,093) 0.0035 
Perceived Social Support § Median (IQR) 603 2.29 (0.32) 2.29 (0.32) 378 2.23 (0.33) 2.21 (0.32) 0.0632 
Dental Insurance ¤ Yes 1437 70.51 55.54  206 54.79  74.16  <.0001 
No 601 29.49 44.46  170 45.21  25.84  
 
Missing 2 
  
2 
   
Health Insurance ¤ Private 1619 79.36 77.10  262 70.05  84.00  <.0001 
Public only 291 14.26 7.83  36 9.63  11.22  
 
Uninsured 130 6.37 15.07  76 20.32  4.79  
 
 
Missing 14 
  
9 
   
U = Unweighted 
W = Weighted 
§ Survey-weighted Wilcoxon test 
¤ Pearson Chi-Square with Rao-Scott Adjustment 
  
 Table 4.1.3.1 Bivariate association of covariates with flu shots among working adults, 2014 Health and Retirement Study (n=2424)   
Reported flu shot (n=1403) Reported no flu shot (n=1021) P-value   
Count U % W % Count U % W % 
 
Age § Median (IQR) 1403 60 (8) 60 (7) 1021 59 (6) 59(6) 0.0192 
Sex ¤ Male 651 46.40  56.61  555 54.36  50.17  0.0132  
Female 752 53.60  43.39  466 45.64  49.83  
 
 
White 1061 75.62  83.79  681 66.70  87.68  0.0005 
Race ¤ Black 211 15.04  9.96  226 22.14  5.75  
 
 
Other 131 9.34  6.25  114 11.17  6.57  
 
 
Yes 160 11.40  8.73  167 16.36  5.71  0.0075  
No 1243 88.60  91.27  854 83.64  94.29  
 
Hispanic ¤ Median (IQR) 1403 14(4) 15(4) 1021 13(4) 14(4) <.0001 
 
Years of education § 
Marital status ¤ 
Yes 913 65.07  67.72  652 63.86  69.61  0.4548 
No 490 34.93  32.38  369 36.14  30.39  
 
Missing 0 
  
1 
   
 
Labor force participation ¤ 
Full time 984 70.14  77.40  772 75.61  74.62  0.1601 
Part-time 150 10.69  9.47  121 11.85  10.08  
 
Partly retired 269 19.17  13.13  128 12.54  16.46  
 
Hourly wages ($) § Median (IQR) 
 
17.31 (15.69) 20.00  
(17.93) 
20.25 (19.50) 24.04 (23.00) <.0001 
Company size in employees § Median (IQR) 1403 350 (3955) 300 
 (2470) 
1021 200.0 (1977) 500 (4950) 0.0006 
Unionized ¤ Yes 225 16.04  15.92  159 15.57  15.50  0.9075  
No 1178 83.96  84.08  862 84.43  84.50  
 
Tenure on the job § Median (IQR) 1403 9.3 (16.15) 9.9 (17.4) 1021 7.9 (15.40) 8.5 (16.6) 0.0362 
Health impairment ¤ Yes 173 12.33  5.91  60 5.88  12.18  <.0001 
No 1230 87.67  94.09  961 94.12  87.82  
 
Household wealth § Median (IQR) 1403 178,500 (411,500) 229,625 (466,345) 1021 106,000 (320,000) 151,171 (429,481) <.0001 
Perceived Social Support § Median (IQR) 1403 2.29 (0.29) 2.29 (0.36) 1021 2.29 (0.36) 2.29 (0.29) 0.0105 
Dental Insurance ¤ Yes 1000 71.38  66.94  649 63.69  74.90  0.0005 
No 401 28.62  33.06  370 36.31  25.10  
 
Missing 13 
  
8 
   
Health Insurance ¤ Private 1123 80.04  80.40  764 75.12  84.87  <.0001 
Public only 212 15.11  9.46  116 11.41  11.67  
 
Uninsured 68 4.85  10.14  137 13.47  3.45  
 
 
Missing 9 
  
14 
   
U = Unweighted 
W = Weighted 
§ Survey-weighted Wilcoxon test 
¤ Pearson Chi-Square with Rao-Scott Adjustment 
  
 Table 4.1.3.3 Bivariate associations of covariates with dentist visits among working adults, 2014 Health and Retirement Study (n=2454)   
Yes (n=1758) No (n= 696) P-value   
Count U % W % Count U % W % 
 
Age § Median (IQR) 1758 60 (7) 59 (6) 696 60 (7) 60 (7.92) 0.1714 
Sex ¤ Male 816 46.42  49.72  410 58.91  63.2 <.0001  
Female 942 53.58  50.28  286 41.09  36.8 
 
 
White 1344 76.45  88.43  419 60.20  77.94 <.0001 
Race ¤ Black 263 14.96  6.21  181 26.01  12.21 
 
 
Other 151 8.59  5.35  96 13.79  9.85 
 
 
Yes 188 10.69  5.02  143 20.55  13.29 <.0001  
No 1570 89.31  94.98  553 79.45  86.71 
 
Hispanic ¤ Median (IQR) 1758 14(4) 15(4) 696 12(2) 12(3) <.0001 
 
Years of education § 
Marital status ¤ 
Married 1183 67.29  70.50  400 57.47  62.3 0.0016 
Not married 575 32.71  29.50  296 42.53  37.7 
 
 
Missing 0 
  
1 
   
 
Labor force participation ¤ 
Full time 1312 74.63  76.84  466 66.95  68.6 0.0002 
part-time 163 9.27  8.45  111 15.95  14.64 
 
partly retired 283 16.10  14.72  119 17.10  16.76 
 
Hourly wages ($) § Median (IQR) 1758 22.00 (20.58) 25.5 (22.95) 696 13.76 (10.00) 15.0 (11.0) <.0001 
Company size in employees § Median (IQR) 1758 400 (3952) 500 (4950) 696 100 (985) 135.45 (1485)  
Unionized ¤ unionized 291 16.55  16.52  95 13.65  12.5 0.01  
not unionized 1467 83.45  83.48  601 86.35  87.5 
 
Tenure on the job § Median (IQR) 1758 10 (16.88) 10.6 (18.2) 696 5.8 (11.45) 5.8 (11.5) <.0001 
Health impairment ¤ Yes 157 8.93  8.65  77 11.06  12.81 0.0117  
No 1601 91.07  91.35  619 88.94  87.19 
 
Household wealth § Median (IQR) 1758 210,050 (454,883) 253,994 (522,956) 696 48,250 (161,500) 60,000 (215,630) <.0001 
Perceived Social Support § Median (IQR) 1758 2.29 (0.32) 2.29 (0.32) 696 2.29 (0.32) 2.29 (0.32) 0.1617 
Dental Insurance ¤ Yes 1355 77.12  79.62 380 54.91  45.59 <.0001 
No 402 22.88  20.38 312 45.09  54.41 
 
 
Missing 7 
  
5 
   
Health Insurance ¤ Private 1475 83.95  88.26  431 62.19  65.31 <.0001 
Public only 189 10.76  8.08  142 20.49  19.74 
 
Uninsured 93 5.29  3.66  120 17.32  14.96 
 
 
Missing 9 
  
5 
   
U = Unweighted 
W = Weighted 
§ Survey-weighted Wilcoxon test 
¤ Pearson Chi-Square with Rao-Scott Adjustment 
  
 Table 4.1.3.B Bivariate associations of covariates with depression among working adults, 2014 Health and Retirement Study (n=2422)   
Depressed (n=190) Not depressed (n=2232) P-value   
Count U % W % Count U % W % 
 
Age § Median (IQR) 190 59 (6) 59(6) 2232 60 (7) 60(7) 0.2786 
Sex ¤ Male 77 40.53  45.75  1132 50.72  53.38  0.1274  
Female 113 59.47  54.24  1100 49.28  46.62  
 
 
White 124 65.26  81.65  1613 72.27  86.28  0.3382 
Race ¤ Black 40 21.05  9.98  401 17.97  5.47  
 
 
Other 26 13.68  8.37  218 9.77  6.25  
 
 
Yes 41 21.58  14.53  284 12.72  6.31  0.0007  
No 149 78.42  85.47  1948 87.28  93.69  
 
Hispanic ¤ Median (IQR) 190 13(3) 13(4) 2232 14(4) 14(4) 0.0004 
 
Years of education § 
Marital status ¤ 
Married 913 65.07  47.86  652 63.86  69.86  <.0001 
Not married 490 34.93  52.14  369 36.14  30.14  
 
 
Missing 1 
  
0 
   
 
Labor force participation ¤ 
Full time 125 65.79  66.10  1627 72.89  75.55  0.034 
part-time 33 17.37  16.13  237 10.62  9.37  
 
partly retired 32 16.84  17.77  368 16.49  15.09  
 
Hourly wages ($) § Median (IQR) 190 14.98 (12.18) 15.98 (14.04) 2232.00  19.66 (18.49) 23.08 (21.56) <.0001 
Company size in employees § Median (IQR) 190 155 (1477.5) 200 (1472.65) 2232 300 (3470.00) 400 (4960) 0.0252 
Unionized ¤ unionized 39 20.53  18.40  344 15.41  15.51  0.4288 
Age § not unionized 151 79.47  81.61  1888 84.59  84.49  
 
Tenure on the job § Median (IQR) 190 6.2 (13.68) 6.18 (15.08) 2232 8.8 (16.10) 9.30 (17.03) 0.0293 
Health impairment ¤ Yes 47 24.74  24.60  183 8.20  8.36  <.0001  
No 143 75.26  75.40  2049 91.80  91.64  
 
Household wealth § Median (IQR) 190 55,800 (203,650) 83,545.99 (265,282) 2232 153,140.30 (397,625) 208,000 (465,352) <.0001 
Perceived Social Support § Median (IQR) 190 2.43 (0.29) 2.36 (0.31) 2232 2.29 (0.34) 2.29 (0.32) 0.0364 
Dental Insurance ¤ Yes 103 54.21  57.73  1542 69.24  72.92  0.0005 
No 87 45.79  42.27  685 30.76  27.08  
 
 
Missing 13 
  
8 
   
Health Insurance ¤ Private 215 61.78  69.26  1752 78.64  83.97  <.0001 
Public only 69 19.83  15.46  296 13.29  10.47  
 
Uninsured 64 18.39  15.28  180 8.08  5.56  
 
 
Missing 1 
  
25 
   
U = Unweighted 
W = Weighted 
§ Survey-weighted Wilcoxon test 
¤ Pearson Chi-Square with Rao-Scott Adjustment 
 
  
 Figure 4.1 Probability density function of propensity score for dichotomous paid sick leave (PSL) (n=2455) 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 Figure 4.2 Probability density functions of propensity score for trichotomous paid sick leave (PSL), by actual paid sick leave category of 
participant 
 
 
 
 
  
 Table 4.2.1 Comparison of estimated measures of association: paid sick leave (PSL) availability and cholesterol test (n=2418)  
 
     Unweighted Survey-Weighted 
 
  
n PSL level OR 95% CI OR 95% CI 
Dichotomous 
PSL 
Crude model 2418 1+ days 1.63 (1.30, 2.03) 1.7 (1.28, 2.25) 
Multivariable model + 2414 1+ days 1.45 1.11, 1.90) 1.39 (0.99, 2.94) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2418 1+ days 1.53 (1.17, 1.98) 1.42 (1.02, 1.97)  
   Multivariable * 2414 1+ days 1.44 (1.1, 1.87) 1.37 (0.98, 1.92)  
Propensity score, deciles 2418 1+ days 1.49 (1.15, 1.94) 1.38 (1.00, 1.92)  
   Multivariable * 2414 1+ days 1.41 (1.08, 1.84) 1.34 (0.96, 1.98) 
Propensity-Weighted models 
      
 
IPTW 2418 1+ days 1.44 (1.23, 1.69) 1.35 (0.93. 1.97)  
SMR weighted 2418 1+ days 1.38 (1.12, 1.69) 1.22 (0.77, 1.97) 
Trichotomous 
PSL 
Crude model 2418 1-9 days 1.3 (1.00, 1.70) 1.33 (0.93, 1.88)    
10+ 1.99 (1.52, 2.61) 2.06 (1.47, 2.89) 
Multivariable model 2414 1-9 days 1.29 (0.95, 1.74) 1.2 (0.81, 1.78)    
10+ 1.68 (1.22, 2.32) 1.6 (1.08, 2.36) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2418 1-9 days 1.35 (1.01, 1.80) 1.22 (0.85, 1.77)    
10+ 1.67 (1.22, 2.29) 1.63 (1.12, 2.38)  
   Multivariable * 2414 1-9 days 1.35 (1.01, 1.80) 1.16 (0.79, 1.71)    
10+ 1.74 (1.27, 2.39) 1.6 (1.09, 2.36)  
Propensity score, deciles 2418 1-9 days 1.3 (0.97, 1.74 1.19 (0.82, 1.73)    
10+ 1.67 (1.22, 2.29) 1.57 (1.07, 2.31)  
   Multivariable * 2414 1-9 days 1.23 (0.92,1.67) 1.14 (0.78, 1.68)    
10+ 1.61 (1.17, 2.22) 1.56 (1.06, 2.31) 
Propensity-Weighted models 
      
 
IPTW 2418 1-9 days 1.37 (1.17, 1.60) 1.27 (0.82, 1.97)    
10+ 1.54 (1.32, 1.80) 1.36 (0.80, 2.31)  
SMR weighted 2418 1-9 days 1.09 (0.79, 1.54) 1.35 (0.88, 2.08) 
 
   
10+ 1.51 (1.25, 1.84) 2.07 (1.20, 3.56) 
Referent group for all models: Zero days PSL 
"+":  model controlling for health insurance, plus all input variables in propensity score (PS) model 
*: model controlling for propensity score, health insurance  
 Table 4.2.2 Comparison of estimated measures of association: paid sick leave (PSL) availability and influenza vaccination (n=2424)  
 
     Unweighted Weighted 
 
  
n PSL level OR 95% CI OR 95% CI 
Dichotomous 
PSL 
Crude model 2424 1+ days 1.15 (0.98, 1.36) 1.09 (0.88, 1.34) 
Multivariable model + 2420 1+days 1.17 (0.96, 1.44) 0.99 (0.77, 1.28) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2424 1+ days 1.18 (0.97, 1.43) 1.01 (0.79, 1.30) 
 
   Multivariable * 2420 1+ days 1.13 (0.92, 1.38) 0.97 (0.76, 1.25) 
 
Propensity score, deciles 2424 1+ days 1.18 (0.97, 1.43) 1.01 (0.79, 1.30) 
 
   Multivariable * 2420 1+ days 1.12 (0.92, 1.37) 0.97 (0.76, 1.25) 
Propensity-Weighted models 
      
 
IPTW 2424 1+ days 1.21 (1.08, 1.36) 1.01 (0.75, 1.36) 
 
SMR 2424 1+ days 1.13 (0.98, 1.32) 0.94 (0.66, 1.34) 
Trichotomous 
PSL 
Crude model 2424 1-9 days 1.06 (0.86, 1.29) 0.99 (0.76, 1.28) 
   
10+ 1.24 (1.02, 1.49) 1.16 (0.92, 1.48) 
Multivariable model + 2420 1-9 days 1.15 (0.91, 1.45) 0.96 (0.72, 1.30) 
   
10+ 1.2 (0.95, 1.51) 1.02 (0.77, 1.35) 
Regression adjusted with propensity score 
   
  
  
 
Propensity score, continuous 2424 1-9 days 1.16 (0.93, 1.45) 0.99 (0.74, 1.31)    
10+ 1.21 (0.96, 1.51) 1.04 (0.79, 1.38) 
 
   Multivariable * 2420 1-9 days 1.1 (0.88, 1.39) 0.94 (0.70, 1.25)    
10+ 1.16 (0.92, 1.46) 1.01 (0.76, 1.34)  
Propensity score, deciles  1-9 days 1.12 (0.89, 1.40) 0.96 (0.72, 1.27) 
  
 10+ 1.16 (0.92, 1.45) 1 (0.75, 1.32) 
 
   Multivariable *  1-9 days 1.07 (0.86, 1.35) 0.92 (0.69, 1.23) 
  
 10+ 1.12 (0.89, 1.41) 0.97 (0.73, 1.29) 
Propensity-Weighted models 
   
  
  
 
IPTW 2424 1-9 days 1.14 (1.01, 1.27) 0.87 (0.62, 1.23) 
  
 10+ 1.23 (1.10, 1.38) 1.03 (0.73, 1.46) 
 
SMR 2424 1-9 days 0.9 (0.70, 1.16) 0.99 (0.72, 1.36) 
 
  
 10+ 1.13 (0.99, 1.30) 1.2 (0.85, 1.71) 
Referent group for all models: Zero days PSL 
"+":  model controlling for health insurance, plus all input variables in propensity score (PS) model 
*: model controlling for propensity score, health insurance 
  
 Table 4.2.3 Comparison of estimated measures of association: paid sick leave (PSL) availability and dental visit (n=2454)  
 
     Unweighted Survey-Weighted 
 
  
n PSL level OR 95% CI OR 95% CI 
Dichotomous 
PSL 
Crude model 2454 1+ days 2.33 (1.95, 2.78) 2.45 (1.94, 3.10) 
Multivariable model + 2449 1+ days 1.34 (1.05, 1.70) 1.3 (0.95, 1.79) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2454 1+ days 1.54 (1.25, 1.90) 1.52 (1.14, 2.02)  
   Multivariable * 2449 1+ days 1.25 (1.00, 1.56) 1.22 (0.90, 1.65)  
Propensity score, deciles 2454 1+ days 1.53 (1.23, 1.88) 1.5 (1.13, 2.00)  
   Multivariable * 2449 1+ days 1.24 (0.99, 1.54) 1.21 (0.90, 1.63) 
Propensity-Weighted models 
      
 
IPTW 2454 1+ days 1.56 (0.94,1.95) 1.47 (1.08, 2.01)  
SMR weighted 2454 1+ days 1.42 (0.94, 1.59) 1.33 (0.91, 1.95) 
Trichotomous 
PSL 
Crude model 2454 1-9 days 1.93 (1.55, 2.41) 1.77 (1.33, 2.36)    
10+ 2.72 (2.20, 3.39) 3.21 (2.41, 4.27) 
Multivariable model 2449 1-9 days 1.36 (1.04, 1.78) 1.18 (0.82, 1.69)    
10+ 1.31 (0.99, 1.74) 1.45 (0.99, 2.13) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2454 1-9 days 1.57 (1.23, 2.01) 1.38 (1.00, 1.90)    
10+ 1.52 (1.18, 1.96) 1.68 (1.21, 2.35)  
   Multivariable * 2449 1-9 days 1.28 (0.99, 1.65) 1.13 (0.80, 1.58)    
10+ 1.24 (0.95, 1.59) 1.35 (0.95, 1.92)  
Propensity score, deciles 2454 1-9 days 1.5 (1.17, 1.92) 1.31 (0.95, 1.81)    
10+ 1.46 (1.13, 1.88) 1.62 (1.15, 2.26)  
   Multivariable * 2454 1-9 days 1.23 (0.95, 1.59) 1.08 (0.77, 1.52)    
10+ 1.19 (0.91, 1.55) 1.3 (0.92, 1.85) 
Propensity-Weighted models 
      
 
IPTW 2454 1-9 days 1.54 (1.36, 1.75) 1.31 (0.91, 1.89)    
10+ 1.31 (1.16, 1.48) 1.42 (0.95, 2.13)  
SMR weighted 2454 1-9 days 2.39 (1.81, 3.20) 2.21 (1.57, 3.11) 
 
   
10+ 4.49 (3.78, 5.35) 6.00 (4.00, 9.01) 
Referent group for all models: Zero days PSL 
"+":  model controlling for health insurance, plus all input variables in propensity score (PS) model 
*: model controlling for propensity score, dental insurance 
 
 Table 4.2.3 Comparison of estimated measures of association: paid sick leave (PSL) availability and depression (n=2422)  
 
     Unweighted Survey-Weighted 
 
  
n PSL level OR 95% CI OR 95% CI 
Dichotomous 
PSL 
Crude model 2418 1+ days 0.63 (0.47, 0.84) 0.54 (0.37, 0.79) 
Multivariable model + 598 1+ days 1.17 (0.50, 2.82) 0.73 (0.28, 1.92) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2422 1+ days 0.73 (0.52, 1.04) 0.67 (0.42, 1.06)  
   Multivariable * 598 1+ days 1.12 (0.51, 2.53 0.8 (0.27, 2.40)  
Propensity score, deciles 2422 1+ days 0.72 (0.51, 1.03) 0.65 (0.41, 1.03)  
   Multivariable * 598 1+ days 1.16 (0.53, 2.61) 0.79 (0.26, 2.36) 
Propensity-Weighted models 
      
 
IPTW 2422 1+ days 0.74 (0.55, 1.00) 0.7 (0.44, 1.10)  
SMR weighted 2422 1+ days 0.73 (0.53, 0.98) 0.74 (0.43, 1.27) 
Trichotomous 
PSL 
Crude model 2418 1-9 days 0.65 (0.44, 0.94) 0.52 (0.32, 0.84)    
10+ 0.61 (0.43, 0.86) 0.55 (0.35, 0.88) 
Multivariable model 598 1-9 days 1.21 (0.47, 3.09) 0.72 (0.25, 2.10)    
10+ 1.1 (0.38, 3.15) 0.73 (0.21, 2.59) 
Regression adjusted with propensity score 
      
 
Propensity score, continuous 2422 1-9 days 0.74 (0.48, 1.11) 0.62 (0.36, 1.06)    
10+ 0.74 (0.49, 1.12) 0.71 (0.42, 1.21)  
   Multivariable * 598 1-9 days 1.21 (0.47, 3.09) 0.82 (0.25, 2.70)    
10+ 0.98 (0.38, 2.47) 0.81 (0.24, 2.72)  
Propensity score, deciles 2422 1-9 days 0.76 (0.5, 1.14) 0.63 (0.37, 1.09)    
10+ 0.78 (0.51, 1.18) 0.75 (0.44, 1.27)  
   Multivariable * 598 1-9 days 1.31 (0.54, 3.17) 0.83 (0.25, 2.71)    
10+ 1.11 (0.43, 2.84) 0.84 (0.26, 2.70) 
Propensity-Weighted models 
      
 
IPTW 2422 1-9 days 0.71 (0.49, 1.03) 0.66 (0.37, 1.18)    
10+ 0.81 (0.57, 1.15) 0.7 (0.41, 1.22)  
SMR weighted 2422 1-9 days 0.56 (0.27, 1.03) 0.4 (0.23, 0.71) 
 
   
10+ 0.57 (0.39, 0.80) 0.52 (0.26, 1.02) 
Referent group for all models: Zero days PSL 
"+":  model controlling for health insurance, social support, plus all input variables in propensity score (PS) model 
*: model controlling for propensity score, health insurance, social support 
 
 Table 4.2.5 Proportion of participants who did or did not have cholesterol test, according to deciles of the 
propensity score (n=2418)  
Zero days paid sick leave 1+ days paid sick leave 
 
Decile Score Count Cholesterol test Score Count Cholesterol test Empirical OR*    
Count % 
  
Count % 
 
1 0.1005 219 181 82.65% 0.118 27 24 88.89% 1.68 
2 0.214 188 150 79.79% 0.232 57 48 84.21% 1.35 
3 0.408 151 115 76.16% 0.428 95 76 80.00% 1.25 
4 0.549 116 86 74.14% 0.551 129 101 78.29% 1.26 
5 0.632 82 63 76.83% 0.636 164 127 77.44% 1.04 
6 0.697 76 61 80.26% 0.698 169 150 88.76% 1.94 
7 0.752 57 44 77.19% 0.75 189 167 88.36% 2.24 
8 0.803 45 36 80.00% 0.806 200 171 85.50% 1.47 
9 0.861 36 33 91.67% 0.865 210 185 88.10% 0.67 
10 0.92 20 18 90.00% 0.927 225 204 90.67% 1.08 
Overall 0.425 990 787 79.49% 0.713 1465 1253 85.53% 1.52 
* Odds of reporting a cholesterol test within the past two years for those who have 1+ days paid sick leave, compared to those who had zero days paid sick leave 
  
  
Table 4.2.6. Proportion of participants who did or did not have flu shot, according to deciles of the 
propensity score (n=2424)  
Zero days Paid Sick Leave 1+ days paid sick leave 
 
Decile Score Count Had a flu shot Score Count Had a flu shot Empirical OR*    
Count % 
  
Count % 
 
1 0.1005 219 125 57.08% 0.118 27 22 81.48% 3.31 
2 0.214 188 119 63.30% 0.232 57 36 63.16% 0.99 
3 0.408 151 78 51.66% 0.428 95 46 48.42% 0.88 
4 0.549 116 53 45.69% 0.551 129 62 48.06% 1.10 
5 0.632 82 40 48.78% 0.636 164 80 48.78% 1.00 
6 0.697 76 36 47.37% 0.698 169 101 59.76% 1.65 
7 0.752 57 32 56.14% 0.75 189 118 62.43% 1.30 
8 0.803 45 27 60.00% 0.806 200 124 62.00% 1.09 
9 0.861 36 24 66.67% 0.865 210 131 62.38% 0.83 
10 0.92 20 11 55.00% 0.927 225 138 61.33% 1.30 
Overall 0.425 990 545 55.05% 0.713 1465 858 58.57% 1.15 
* Odds of reporting a flu shot within the past two years for those who have 1+ days paid sick leave, compared to those who had zero days paid sick leave 
  
  
Table 4.2.7 Proportion of participants who saw the dentist in the past 2 years, according to deciles of the predicted propensity score (n=2422)  
Zero days paid sick leave 1+ days paid sick leave 
 
Decile Score Count Dental visit Score Count Dental visit Empirical OR*    
Count % 
  
Count % 
 
1 0.1005 219 121 55.25% 0.118 27 21 77.78% 2.83 
2 0.214 188 112 59.57% 0.232 57 40 70.18% 1.60 
3 0.408 151 92 60.93% 0.428 95 51 53.68% 0.74 
4 0.549 116 55 47.41% 0.551 129 80 62.02% 1.81 
5 0.632 82 46 56.10% 0.636 164 127 77.44% 2.69 
6 0.697 76 52 68.42% 0.698 169 119 70.41% 1.10 
7 0.752 57 44 77.19% 0.75 189 160 84.66% 1.63 
8 0.803 45 40 88.89% 0.806 200 173 86.50% 0.80 
9 0.861 36 26 72.22% 0.865 210 187 89.05% 3.13 
10 0.92 20 18 90.00% 0.927 225 194 86.22% 0.70 
Overall 0.425 990 606 61.21% 0.713 1465 1152 78.63% 2.33 
* Odds of reporting a dental visit within the past two years for those who have 1+ days paid sick leave, compared to those who had zero days paid sick leave 
 
  
 Table 4.2.8. Proportion of participants who did or did not have depression, according to deciles of the predicted propensity score (n=2454)  
Zero days paid sick leave 1+ days paid sick leave 
 
Decile Score Count Depressed Score Count Depressed Empirical OR*    
Count % 
  
Count % 
 
1 0.1005 219 26 11.87% 0.118 27 2 7.41% 0.59 
2 0.214 188 16 8.51% 0.232 57 6 10.53% 1.26 
3 0.408 151 16 10.60% 0.428 95 5 5.26% 0.47 
4 0.549 116 5 4.31% 0.551 129 13 10.08% 2.49 
5 0.632 82 13 15.85% 0.636 164 13 7.93% 0.46 
6 0.697 76 6 7.89% 0.698 169 13 7.69% 0.97 
7 0.752 57 7 12.28% 0.75 189 7 3.70% 0.27 
8 0.803 45 5 11.11% 0.806 200 9 4.50% 0.38 
9 0.861 36 1 2.78% 0.865 210 10 4.76% 1.75 
10 0.92 20 2 10.00% 0.927 225 15 6.67% 0.64 
Overall 0.425 990 97 9.80% 0.713 1465 93 6.35% 0.62 
* Odds of being depressed for those who have 1+ days paid sick leave, compared to those who had zero days paid sick leave 
